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Abstract
It has become standard practice in the non-life insurance industry to employ Generalized Linear
Models (GLMs) for insurance pricing. However, these GLMs traditionally work only with a priori
characteristics of policyholders, while nowadays we increasingly have a posteriori information of
individual customers available, sometimes even across multiple product categories. In this paper,
we therefore consider a dynamic claim score to capture this a posteriori information over several
product lines. More specifically, we extend the Bonus-Malus-panel model of Boucher and Inoussa
(2014) and Boucher and Pigeon (2018) to include claim scores from other product categories and to
allow for non-linear effects of these scores. The application of the resulting multi-product framework
to a Dutch property and casualty insurance portfolio shows that the claims experience of individual
customers can have a significant impact on the risk classification and that it can be very profitable
to account for it.
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1 Introduction
It has become the industry standard in non-life insurance to adopt Generalized Linear Models (GLMs)
for determining the premium rate structure. Traditionally, these rate structures are based only on a
priori characteristics of policyholders and do not account for any information available a posteriori.
In addition, customers often hold multiple policies across different product categories, while insurers
tend to focus on policies in a single line of business when designing their premia. However, a lot of
individual heterogeneity is typically unaccounted for in these a priori univariate rate structures, which
may (partially) be captured by information observed a posteriori and from other product lines.
Several methods have been introduced in the literature to account for this form of heterogeneity.
Common shocks, copulas and Vector GLMs, for instance, can induce a correlation structure between
claims from different product categories (see, e.g., Yee and Hastie (2003); Bermúdez and Karlis (2011);
Shi and Valdez (2014)). Multivariate random effects and multivariate credibility can additionally
accommodate for a dynamic correction of the a priori rate structure by absorbing any variation not
already accounted for by the covariates in GLMs (see, e.g., Englund et al. (2008, 2009); Barseghyan
et al. (2018); Pechon et al. (2018)). However, Lemaire (1998) argues that past claiming behavior is one
of the most important determinants of future claim counts and that a Bonus-Malus System (BMS) is
therefore more intuitive for this correction. In contrast to the random effect and credibility models,
the timing of past claims is now explicitly accounted for in these systems through a claim score as a
special case of a Markov process with a finite number of states (Kaas et al., 2008). As such, BMSs pose
a commercially attractive form of experience rating where only the current level of the score matters
instead of the entire claims history.
Despite the appealing framework, these predictive claim scores have primarily been used for design-
ing rate structures for a single product and in a cross-sectional setting. Many authors consider BMSs
for car or motor insurance, for instance, to adjust the given static premium and without accounting for
any information from other product categories (see, e.g., Pinquet (1997); Denuit et al. (2007); Tzougas
et al. (2014)). A more dynamic approach is followed by Boucher and Inoussa (2014), who argue that it
is no longer consistent to use this two-step approach in case of panel or longitudinal data and suggest
to estimate the a posteriori rate structure in a single step. Boucher and Pigeon (2018) further develop
the resulting BMS-panel model and, for practical reasons, consider linear effects for the levels of the
claim score.
While the BMS-panel model deals with past claiming behavior in a longitudinal set-up, it has
thus far only focused on linear effects and claim scores for a single product. This paper therefore
extends this BMS-panel model by allowing the claim scores to affect the rate structures of other
product lines and by incorporating a natural cubic spline for their effects using a Generalized Additive
Model (GAM). In addition, a piecewise linear simplification of the cubic spline is considered in this
framework to accommodate an interpretable rate structure in practice with more flexibility than the
pure linear specification. This, in turn, allows us to account for information observed a posteriori and
from other product lines in our rate structures, to identify the cross-selling potential of customers and
to investigate the relation between past claiming behavior across different product categories.
The remainder of this paper is organised as follows. In Section 2, we briefly highlight the concepts
behind the industry standard of GLMs, describe the novel extension of the BMS-panel model and
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additionally discuss how to determine the optimal claim score. While Section 3 describes the Dutch
property and casualty insurance data set and comments on the exact optimization procedure, we apply
this methodology in Section 4 and elaborate on the results. The final section concludes this paper with
a discussion of the most important findings and implications.
2 Modeling framework
2.1 Static a priori risk classification
Among non-life insurance companies, there has been a long tradition of adopting statistical techniques
to construct their a priori rate structure. These companies are typically interested in predicting the
total claim amount L relative to the exposure to risk e in the form of a risk premium. Technically,
this risk premium pi is defined as
pi = E
[
L
e
]
= E
[
N × S
e
]
= E [F ]× E [S] , (2.1)
with N , S and F = N/e the number of claims, the severity of each claim and the claim frequency,
respectively, and where independence is assumed between the claim frequency and severity (Antonio
and Valdez, 2012). This assumption can be relaxed by allowing the claim frequencies and severities
to interact, but in general it is common practice to model these two components independently (see,
e.g., Czado et al. (2012); Garrido et al. (2016)).
Insurers now require predictive models for both the frequency and the severity component to prop-
erly estimate these risk premia. In general, they adopt the framework of Generalized Linear Models,
where the response variable Y is modelled indirectly through a given link function g(·) as a linear
function of explanatory variables X (Nelder and Wedderburn, 1972). More specifically, let Yi,t denote
the observation of subject i in period t and let these variables be independently distributed for each
subject and period according to some distribution from the exponential family. The mean predictor
ηi,t in a GLM is then given by
ηi,t = g (µi,t) = X ′i,tβ for i = 1, . . . ,M, t = 1, . . . , Ti, (2.2)
with µi,t = E [Yi,t|Xi,t] the conditional expectation of Yi,t and β a parameter vector containing the
risk factors. The vector of covariates Xi,t consists of the observable risk characteristics of subject i
in period t, such as age, gender and additional coverages in the context of non-life insurance, and
may contain an element of one to include a constant in the model. In practice, we typically assume
a Poisson or Negative Binomial distribution for the claim counts and a Gamma or Inverse-Gaussian
distribution for the claim sizes, while a logarithmic link function is commonly adopted to accommodate
a multiplicative rate structure (Haberman and Renshaw, 1996).
While these GLMs have become the industry standard over the last decades, they lead to a static
form of risk classification that only takes a priori information of policyholders into account. However,
the longitudinal set-up in this paper allows us to easily incorporate any a posteriori information in the
mean predictor to account for past claiming behavior. By additionally including the claims experience
from other product categories, we obtain a framework for dynamic multi-product risk classification.
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2.2 Dynamic a posteriori risk classification
While independence is assumed between both subjects and periods in the cross-sectional model, we
can account for dependencies between periods in the longitudinal setting. This, in turn, allows us to
explicitly incorporate past claiming behavior and dynamically classify risks in our insurance portfolio.
In the BMS-panel model of Boucher and Inoussa (2014), past claiming behavior is summarized by a
single claim score. This predictive claim score for subject i in period t+ 1 is defined recursively as
`i,t+1 = min (max (`i,t + ei,t1 (Ni,t = 0)−Ψei,tNi,t, 1) , s) (2.3)
with initial value `i,0 = `0 and where 1 (Ni,t = 0) denotes the indicator function that equals one for a
period without any claims and zero otherwise. The parameters Ψ, s and `0 of this claim score denote
a jump parameter, the maximum level of the score and the initial score for new policyholders without
any experience yet, respectively. Note that the lowest level of the score as well as the jump after a
claim-free period are both fixed at one, since we can already capture their effect indirectly through the
parameters Ψ and s. We additionally introduce the exposure of risk ei,t into this claim score to account
for policies with exposures of less than an entire year, or for policyholders joining or leaving the insurer
throughout the year. With this continuous claim score, policyholders who claim more frequently will
receive lower scores, whereas policyholders who claim less often will receive higher scores. The level of
the score `i,t is therefore an indication of the a posteriori risk in a policy, since a score of 1 represents
policyholders with the highest amount of risk and a score of s policyholders with the lowest amount
of risk. In the BMS literature, this type of score is generally referred to as a system with transition
rules +1/−Ψ, entry level `0 and maximum level s.
With this claim score, we can now directly incorporate past claiming behavior as an explicit covariate
into the linear predictor of a longitudinal GLM. The intuition behind this is that we consider the claim
score as a relevant predictor for future claiming behavior, rather than an ex-post punishment and
reward system for claims in the past. We can even extend this concept for multiple products owned
simultaneously by the same policyholder by feeding their claim scores as additional covariates into the
predictor as well. If we let superscript (c) denote the product category, then the linear predictor of
this multi-product claim score model is given by
η
(c)
i,t = g(c)
(
µ
(c)
i,t
)
= X(c)′i,t β(c) +
C∑
j=1
f
(c)
j
(
`
(j)
i,t
)
for c = 1, . . . , C. (2.4)
Here, f (c)j (·) represents some function and the quantity exp
(
f
(c)
c
(
`
(c)
i,t
))
is typically called the relativity
of the claim score or BMS in case of a logarithmic link function. By additionally requiring that
f
(c)
j
(
`
(c)
i,t
)
= 0 whenever `(c)i,t = `0 or unknown, we can account for policyholders without any a
posteriori information (yet) and for customers holding only a subset of all available products. In turn,
the a priori risk premia are fully determined by the policyholder’s risk characteristics and any effects
of the past claiming behavior, if any, are multiplicative to these premia.
While Boucher and Inoussa (2014) and Boucher and Pigeon (2018) consider linear relativities, or a
logarithmic specification for f(·), the transformations f (c)j (·) can be taken in a much more general way.
The set of natural cubic splines typically used in GAMs, for instance, can already capture a non-linear
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as well as a linear effect of the claim score on the response variable (Hastie and Tibshirani, 1986). It
can additionally be shown that these splines are optimal among all twice continuously differentiable
functions when minimizing the penalized deviance and that they can easily be constructed by a linear
combination of so-called B-splines (Hastie et al., 2009; Ohlsson and Johansson, 2010). More import-
antly, we can express the linear predictor of the multi-product claim score model as a GAM with
this set of splines, where, given the claim score specification, parameters can be estimated straightfor-
wardly by maximum likelihood and with standard statistical software for GAMs (see Appendix B).
However, these cubic splines can lead to complicated non-linear rate structures that are difficult to
explain and interpret, so a piecewise linearly segmented rate structure is preferable from a practical
perspective. We therefore adopt both natural cubic and linear splines for the functions f (c)j (·) in this
paper to allow for non-linear effects of the claim score and to benefit from the existing framework for
GAMs. In turn, the resulting multi-product claim score model allows us to dynamically classify the
risk profile of policyholders based on their experience in multiple product categories.
2.3 Optimality of rate structure
With the multi-product claim score model, we can formulate a rate structure based on the a pri-
ori characteristics of the policyholders and their past claiming behavior across product categories.
Depending on our choice for the claim score parameters (Ψ, s, `0), different premium rates will res-
ult from the estimated model. Moreover, since a lot of different parameter combinations, and thus
rate structures, are possible in this framework, a criterion is required to assess their performance.
While typical statistical goodness-of-fit measures such as the Akaike Information Criterion (AIC) and
Bayesian Information Criterion (BIC) are based on maximized likelihoods, we are more interested in
the discriminatory power of the predicted premium from a practitioner’s point of view. Our aim in this
context is to best identify and distinguish between risky customers and safe customers. A well-known
approach for assessing the discriminatory power is based on the Lorenz curve and the Gini index.
The Lorenz curve has first been introduced by Lorenz (1905) in the field of welfare economics as a
statistical tool to compare two distributions. In case of perfect alignment between the two distributions,
the Lorenz curve reduces to the 45-degree line, or the line of equality. Similarly, the greater the
discrepancy between the two distributions, the further the Lorenz curve is away from this line of
equality. The Gini index is defined as twice the distance between this Lorenz curve and the line of
equality, and thus represents a measure of inequality (Gini, 1912). More importantly, in the context
of insurance ratemaking the Lorenz curve and the corresponding Gini index can also be adopted as
a measure of risk discrimination (see, e.g., Frees et al. (2014); Henckaerts et al. (2019)). To find the
Lorenz curve in practice, we can use the following three steps:
i) Construct the relativity Rj = PAj /PBj for each policy j = 1, . . . ,H, where PBj denotes the risk
premium of a benchmark model and PAj the risk premium of an alternative model;
ii) Order the policies by the relativities Rj from lowest to highest;
iii) Calculate
(
FˆP (ω), FˆL(ω)
)
=
(∑H
j=1 P
B
j × 1 {FH(Rj) ≤ ω}∑H
j=1 P
B
j
,
∑H
j=1 Lj × 1 {FH(Rj) ≤ ω}∑H
j=1 Lj
)
(2.5)
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as a function of ω ∈ [0, 1], where Lj denotes the actual observed claim amount of policy j and
FH(·) the empirical cumulative distribution function of the relativities Rj.
In turn, this ordered Lorenz curve
{(
FˆP (ω), FˆL(ω)
)
: ω ∈ [0, 1]
}
leads to the empirical Gini index,
given by the expression
Ĝini = 1−
H−1∑
j=0
(
FˆP (FH(Rj+1))− FˆP (FH(Rj))
) (
FˆL (FH(Rj+1)) + FˆL (FH(Rj))
)
(2.6)
from the trapezoidal rule where R0 = 0 and its asymptotic covariance matrix can be consistently
estimated as
ΣˆGini =
4
µˆ2Lµˆ
2
P
(
4Σˆh +
µˆ2h
µˆ2L
ΣˆL +
µˆ2h
µˆ2P
ΣˆP − 4µˆh
µˆL
ΣˆhL − 4µˆh
µˆP
ΣˆhP +
2µˆ2h
µˆLµˆP
ΣˆLP
)
(2.7)
with hj = 12(µLPBj FL(Rj) +LjµP [1− FP (Rj)]) for j = 1, . . . ,H, and using moment-based estimators
for all the means and covariances of L, P and h (Frees et al., 2011).
Depending on our choice for the benchmark model, there are two versions of the Gini index, namely
the simple Gini index and the ratio Gini index. If we simply assume a constant premium for every
policy without any risk discrimination, or PBj = 1, we are calculating the simple Lorenz curve and
the total degree of risk discrimination of the alternative model. However, we often have an existing
framework or benchmark premium rate in place, such as a standard GLM, that we would like to
improve. In these cases, it makes more sense to not calculate the total degree of risk discrimination
but to compare the risk classification resulting from the alternative model to that from this benchmark
model. Frees et al. (2014) describe a mini-max strategy for determining which model leads to the best
risk classification. They calculate the ratio Gini coefficient for every combination of alternative and
benchmark model and select the benchmark model that leads to the minimal maximal coefficient.
The intuition behind this is that the model with the minimal maximal Gini coefficient is the least
vulnerable to alternative specifications. The use of this ratio Gini index has an additional practical
advantage, since we can directly relate it to the profit potential of the alternative rate structure over
the benchmark structure. If we take PBj to be the risk premia of a benchmark GLM, then the ratio Gini
coefficient (divided by two) quantifies how much more profitable it is, on average, to use, for instance,
the multi-product claim score model due to the different ordering of risks. In other words, the ratio
Gini index enables us to identify which design of the claim score is most profitable and optimal in the
sense of risk discrimination as opposed to the benchmark GLM in non-life insurance.
3 Data and empirical considerations
3.1 Property and casualty insurance
To illustrate the implications of the multi-product claim score model in practice, we apply this model
framework to real-world non-life insurance claims. More specifically, we analyze property and casu-
alty insurance data from a sizeable Dutch insurance portfolio containing policies for general liability
insurance, home contents insurance, home insurance and travel insurance on a policyholder-specific
level. For each of these insurance products, we consider a different set of explanatory variables that
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are known to be used to construct premium rates in the Netherlands. For more details on the exact
covariates used for each product category in this paper, see Appendix A.
While this Dutch insurance portfolio covers the period of 2012 up to and including 2018, its policies
generally have a duration of one year and need to be renewed annually. In addition, policyholders may
enter or leave the portfolio at any moment. To cast these policies into a longitudinal framework, we
therefore aggregate policies within the same calendar year for each customer and every product cat-
egory if the policyholder’s risk characteristics have remained the same. As a result, we obtain 183,690
observations on general liability insurance in the portfolio, 264,348 observations on home contents
insurance, 111,018 observations on home insurance and 363,573 observations on travel insurance. The
individual claim counts and sizes for each product category are given in Figure 1, where we can clearly
see excess zeros in the number of claims and the skewed shape of the claim severities. Note that, for
illustrative purposes, the claim severities are shown on a logarithmic scale and that the excess zeros in
the claim counts seem to indicate that a Negative Binomial (NB) or Zero-Inflated distribution is more
appropriate than a Poisson distribution. More importantly, in Table 1 we show how many policyhold-
ers also own other products and in Table 2 how many claims have occurred in each product line. For
general liability insurance, for instance, we observe 34,407 customers, of which 5,660 [16.45%] own only
the general liability insurance product, 13,285 [38.61%] exactly two products, 11,898 [34.58%] exactly
three products and 3,564 [10.36%] all four products. Out of the 3,520 general liability claims in total,
511 [14.52%] are filed by customers holding only the general liability insurance product, 1,192 [33.86%]
by those holding exactly two products, 1,290 [36.65%] by those holding exactly three products and
527 [14.97%] by those holding all four products. Moreover, in 339, 147 and 12 cases the customers
holding exactly two, three and four products, respectively, have also filed at least one claim on the
other product(s). In other words, we see that quite a lot of customers have general liability insurance,
home contents insurance and/or home insurance, but that there is relatively little overlap between
travel insurance and the other three categories. In addition, given that a customer files a claim, we
observe a slight yet non-negligible tendency of customers holding exactly two products to have claims
in both product categories, while this diminishes as the customer owns more products.
Figure 1: Empirical distribution of claim counts (left) and sizes (right) in general liability insurance, home
contents insurance, home insurance and travel insurance.
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Table 1:
Number of policyholders and corresponding percentages in square brackets in each insurance product category.
Products owned
Policyholders 1 2 3 4 Total
General liability 5,660 [16.45%] 13,285 [38.61%] 11,898 [34.58%] 3,564 [10.36%] 34,407 [100.00%]
Home contents 10,272 [22.88%] 18,333 [40.84%] 12,724 [28.34%] 3,564 [7.94%] 44,893 [100.00%]
Home 688 [3.44%] 5,612 [28.08%] 10,119 [50.64%] 3,564 [17.84%] 19,983 [100.00%]
Travel 73,412 [89.01%] 2,042 [2.48%] 3,461 [4.20%] 3,564 [4.32%] 82,479 [100.00%]
Table 2: Number of claims in each insurance product category with in parentheses taking into account that
at least one claim has also been filed in the other categories and corresponding percentages in square brackets.
Products owned
Claims 1 2 3 4 Total
General liability 511 (0) 1,192 (339) 1,290 (147) 527 (12) 3,520 (498)
[14.52% (0.00%)] [33.86% (68.07%)] [36.65% (29.52%)] [14.97% (2.41%)] [100.00% (100.00%)]
Home contents 1,546 (0) 3,820 (870) 3,508 (204) 1,297 (16) 10,171 (1,090)
[15.20% (0.00%)] [37.56% (79.82%)] [34.49% (18.72%)] [12.75% (1.47%)] [100.00% (100.00%)]
Home 63 (0) 1,285 (522) 2,506 (174) 1,127 (16) 4,981 (712)
[1.26% (0.00%)] [25.80% (73.31%)] [50.31% (24.44%)] [22.63% (2.25%)] [100.00% (100.00%)]
Travel 9,148 (0) 296 (59) 645 (35) 683 (16) 10,772 (110)
[84.92% (0.00%)] [2.75% (53.64%)] [5.99% (31.82%)] [6.34% (14.55%)] [100.00% (100.00%)]
3.2 Optimization methodology
Using the Dutch insurance portfolio, we estimate the multi-product claim score model developed in
this paper. We model the claim frequencies and severities independently, and assume a Poisson and
NB distribution for the claim counts and a Gamma and Inverse-Gaussian (IG) distribution for the
claim sizes, both with logarithmic link function. Moreover, we consider an ordinary GLM for the
claim severities and apply the multi-product framework to the claim frequencies, with explanatory
variables as given in Appendix A for each product category, without any interaction effects. While
these assumptions can be relaxed, they are adopted nonetheless since they correspond to standard
practices in the non-life insurance industry.
Under these assumptions, we apply the multi-product framework to the property and casualty
insurance data. Given the claim score parameters, we estimate this framework by penalized Maximum
Likelihood (ML), or Penalized Iteratively Re-weighted Least Squares (PIRLS), which we describe in
detail in Appendix B and can be performed efficiently in R with the package mgcv developed by Wood
(2006). However, rather than letting the smoothing penalty determine the number of parameters for
the B-splines, we employ k = 4 parameters for all of them to sufficiently account for non-linearities
using the k − 1 = 3 effective degrees of freedom. We additionally replace the centering constraint
on these splines by the a priori constraint introduced earlier that fj (`i,t) = 0 whenever `i,t = `0
or unknown, equivalent to having no a posteriori information. This, in turn, allows us to exploit all
information available, both on customers with or without any a posteriori information and with or
without all products. Finally, we compare the multi-product framework developed in this paper to the
case of linear claim score effects similar to the BMS-panel model of Boucher and Inoussa (2014) and
Boucher and Pigeon (2018) to assess the value of our extension.
The above methodology assumes known claim score parameters, while in practice these are unknown
as well. We therefore determine the optimal parameters independently for each product by a grid search
in terms of the ratio Gini index with a standard GLM as benchmark. More specifically, we estimate
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the claim score model for each product separately on training data from the period of 2012 up to
and including 2017, and select the parameters that lead to the best ratio Gini index for test data
from 2018. We additionally impose the restriction that each claim score level, after truncation towards
`0, must contain at least 0.001% of the training set to avoid parameter combinations that can lead
to unobserved levels. While we consider the values {1, 2, . . . , s} for Ψ and {3, 4, . . . , 25} for s, we
implement the set {2, 3, . . . , s− 1} for `0 in case policyholders have no prior claiming experience.
However, in practice policyholders often switch between insurers or have been a customer at the
insurer previously, meaning that they do in fact have claiming experience prior to our data. In car
or motor insurance, for instance, the number of claim-free years and the level of the claim score are
usually known within an insurance company or exchanged between insurers since BMSs are widely
implemented in this insurance branch, but this is unfortunately not the case for the product branches
that we consider. Nonetheless, for the period of 2005 up to and including 2011, we do have access to
the claims history at the insurer, albeit not the individual risk characteristics of the policyholders. As
a result, all the claims filed, if any, by 12,361 customers are available for general liability insurance in
this period, 13,210 customers for home contents insurance, 5,460 customers for home insurance and
13,112 customers for travel insurance. As a proxy to the unobserved prior claiming experience, we can
therefore already construct the claim score and use its level at the end of this seven-year period to
initialize the claim score for policyholders that have been a customer at the insurer prior to our data.
Given the optimal claim score parameters for each product category, we can then specify and estimate
the multi-product framework. As such, the multi-product claim score model remains tractable and
allows us to incorporate past claiming behavior across product categories for insurance pricing.
4 Applications in non-life insurance
4.1 Static univariate risk profiles
Based on the Dutch insurance portfolio and the methodology described earlier, we explore how well a
standard GLM can describe insurance data. While we adopt the abbreviations in Table 3 henceforth,
we show the resulting out-of-sample error distributions for the estimated GLMs in Figure 2 with
parameter estimates reported in Appendix C. Moreover, Table 4 depicts the maximal ratio Gini
coefficients for the static GLMs, where we include both the Poisson and NB distribution for the claim
frequencies and both the Gamma and IG distribution for the claim severities.
From the prediction errors, it is apparent that the magnitude of the out-of-sample errors differs
substantially across product categories. For home contents insurance, for instance, we obtain the largest
errors, whereas the predicted premia for general liability insurance appear to be much closer to the
realized expenses than for the other product categories. More importantly, we find that the prediction
errors are distributed almost the same regardless of the model specification. This is additionally
supported by the parameter estimates reported in Appendix C which are roughly the same for the two
frequency and the two severity components. The distribution underlying the static GLMs therefore
does not seem to really affect the prediction errors or to matter that much for the goodness-of-fit.
However, in terms of the ratio Gini index, we do find a substantial impact of the distribution
underlying the static GLMs. Based on the mini-max strategy, we find that the static GLM-NBG is
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Table 3: Model abbreviations for different combinations of static univariate frequency and severity models.
Abbreviation Frequency model Severity model
GLM-PG Poisson GLM Gamma GLM
GLM-PIG Poisson GLM Inverse-Gaussian GLM
GLM-NBG Negative Binomial GLM Gamma GLM
GLM-NBIG Negative Binomial GLM Inverse-Gaussian GLM
(a) General liability insurance (b) Home contents insurance
(c) Home insurance (d) Travel insurance
Figure 2: Out-of-sample risk premia errors for general liability insurance (panel (a)), home contents insurance
(panel (b)), home insurance (panel (c)) and travel insurance (panel (d)) with static univariate risk classification.
Table 4: Maximal ratio Gini coefficients in percentages with corresponding
standard errors in parenthesis and rank for each product category with static univariate risk classification.
General liability Home contents Home Travel
Benchmark Coefficient Rank Coefficient Rank Coefficient Rank Coefficient Rank
GLM-PG 10.38 (7.92) 3 13.41 (4.77) 2 10.31 (7.67) 3 15.08 (3.54) 4
GLM-PIG 10.43 (7.87) 4 17.66 (4.50) 4 2.06 (7.64) 2 7.54 (4.03) 2
GLM-NBG 0.28 (8.77) 1 -13.30 (4.73) 1 10.32 (7.66) 4 11.07 (3.21) 4
GLM-NBIG 0.55 (8.59) 2 17.35 (4.50) 3 -1.99 (7.60) 1 -7.43 (3.92) 1
the least vulnerable to alternative model choices for general liability and home contents insurance,
while the static GLM-NBIG is the least vulnerable for home and travel insurance. Moreover, these
results indicate that the NB distribution can, on average, be improved much less in terms of profit
potential than the Poisson distribution for the frequency component. For the severity component of
the static GLMs, on the other hand, it depends on the product category at hand whether the Gamma
distribution or the IG distribution can, on average, be improved the least in terms of profit potential.
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4.2 Dynamic univariate risk profiles
While the standard GLM is a form of static risk classification, we can also create dynamic risk profiles
from the claims experience of individual policyholders. Using the claim score introduced earlier we
account for this claims experience on a single product and optimize the parameters (Ψ, s, `0) of the
claim scores for each product category separately. The resulting one-product models consider both
Poisson and NB distributed claim frequencies, both Gamma and IG distributed claim severities and
use either GAM or GLM specifications, and are abbreviated in Table 5. Moreover, the optimal set of
claim score parameters for each model is given in Table 6, whereas we show the effect of these claim
scores in Figure 3. Finally, Table 7 presents the maximal ratio Gini coefficients when we include these
dynamic univariate risk profiles, with all parameter estimates reported in Appendix C.
In Table 6, we see that the distribution for the claim frequencies and severities is not very import-
ant for optimizing the claim score parameters. More specifically, there can be substantial differences
Table 5: Model abbreviations for different combinations of dynamic univariate frequency and severity models.
Abbreviation Frequency model Severity model
GAM-PG-One Poisson one-product claim score GAM Gamma GLM
GAM-PIG-One Poisson one-product claim score GAM Inverse-Gaussian GLM
GAM-NBG-One Negative Binomial one-product claim score GAM Gamma GLM
GAM-NBIG-One Negative Binomial one-product claim score GAM Inverse-Gaussian GLM
GLM-PG-One Poisson one-product claim score GLM Gamma GLM
GLM-PIG-One Poisson one-product claim score GLM Inverse-Gaussian GLM
GLM-NBG-One Negative Binomial one-product claim score GLM Gamma GLM
GLM-NBIG-One Negative Binomial one-product claim score GLM Inverse-Gaussian GLM
Table 6: Optimal claim score parameters of dynamic univariate frequency models for each product category.
Optimal claim score parameters (Ψ, s, `0)
Frequency model General liability Home contents Home Travel
GAM-PG-One (2, 5, 2) (14, 14, 13) (1, 10, 5) (2, 3, 2)
GAM-PIG-One (2, 5, 2) (14, 14, 13) (1, 10, 5) (2, 3, 2)
GAM-NBG-One (2, 5, 2) (14, 14, 13) (1, 10, 5) (2, 3, 2)
GAM-NBIG-One (2, 5, 2) (14, 14, 13) (1, 10, 5) (2, 3, 2)
GLM-PG-One (6, 25, 22) (11, 12, 10) (1, 7, 2) (2, 4, 3)
GLM-PIG-One (6, 21, 18) (11, 12, 10) (1, 7, 2) (2, 4, 3)
GLM-NBG-One (6, 25, 22) (11, 12, 10) (1, 7, 2) (2, 4, 3)
GLM-NBIG-One (6, 22, 19) (11, 12, 10) (1, 7, 2) (2, 4, 3)
Figure 3: Estimated claim score effects and corresponding 95% confidence intervals on general liability insur-
ance, home contents insurance, home insurance and travel insurance for single-product GAM-PG-One (left) and
GLM-PG-One (right) with dynamic univariate risk classification.
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Table 7: Maximal ratio Gini coefficients in percentages with corresponding
standard errors in parenthesis and rank for each product category with dynamic univariate risk classification.
General liability Home contents Home Travel
Benchmark Coefficient Rank Coefficient Rank Coefficient Rank Coefficient Rank
GLM-PG 11.18 (7.67) 10 17.29 (4.77) 6 11.19 (7.63) 8 33.27 (4.06) 11
GLM-PIG 11.18 (7.67) 9 25.72 (4.44) 12 8.50 (7.64) 4 32.62 (4.01) 9
GLM-NBG 11.18 (7.67) 12 16.84 (4.76) 4 11.16 (7.63) 7 33.29 (4.05) 12
GLM-NBIG 11.18 (7.67) 11 25.57 (4.43) 11 8.45 (7.63) 3 32.64 (4.00) 10
GAM-PG-One 7.68 (8.05) 3 21.03 (4.48) 9 16.15 (7.71) 12 18.57 (3.25) 3
GAM-PIG-One 7.68 (8.05) 4 22.45 (4.45) 10 10.24 (7.51) 6 18.03 (3.56) 1
GAM-NBG-One 7.67 (8.05) 1 9.48 (4.26) 2 16.05 (7.71) 11 18.72 (3.27) 4
GAM-NBIG-One 7.67 (8.05) 2 19.32 (4.44) 8 10.20 (7.51) 5 18.28 (3.57) 2
GLM-PG-One 11.07 (7.72) 8 16.34 (4.56) 3 11.28 (7.70) 10 25.26 (4.13) 7
GLM-PIG-One 10.97 (7.69) 5 17.93 (4.50) 7 7.57 (7.59) 2 25.22 (4.13) 6
GLM-NBG-One 11.02 (7.68) 6 6.58 (4.72) 1 11.25 (7.69) 9 25.28 (4.17) 8
GLM-NBIG-One 11.04 (7.68) 7 17.18 (4.51) 5 7.40 (7.58) 1 25.21 (4.12) 5
between the GLM and GAM specification, but among the one-product GAMs we find that exactly the
same parameters are optimal, whereas the one-product GLMs lead to different but roughly the same
parameters. As a consequence, we also obtain almost the same claim score effects for the one-product
GAMs and GLMs as those shown for GAM-PG-One and GLM-PG-One in Figure 3, respectively.
From these claim score effects in Figure 3, we observe that in general policyholders who claim
more frequently are more risky, whereas policyholders who claim less frequently are less risky. How-
ever, we do find some exceptions to this rule in case of the one-product GAMs. For general liability
insurance, for instance, we find that policyholders with the highest or lowest claim score receive a
relatively large discount or surcharge, respectively, but that policyholders with a score between these
two extremes receive approximately the same small discount. A similar pattern is observed for home
contents insurance, where policyholders with a claim score between the highest and lowest score receive
approximately the same surcharge. This non-monotonic relation is partially caused by the relatively
small exposure in low claim scores, since the majority of policyholders does not claim and obtains
high claim scores, but is primarily inherent from the data. The one-product GAMs therefore allow us
to investigate and identify these non-monotonicities, whereas the one-product GLMs simply assume a
single slope coefficient for all claim scores that is only accurate for the scores that we observe most. As
such, the linear claim score can essentially be seen as a linear approximation of the cubic claim score,
where its effect is mainly determined by the good risks, or the policyholders with high claim scores.
Even though the distribution for the claim frequencies and severities does not seem to be very
important for the optimal claim score parameters, it does in fact affect our mini-max strategy. Table 7
reports, for instance, that the maximal ratio Gini coefficient can be quite different depending on
the distributional assumptions, and that NB distributed claim frequencies seem to be slightly less
vulnerable to alternative model choices than Poisson distributed claim frequencies. More importantly,
Table 7 shows that for all four product categories the one-product model is an improvement over the
regular GLM and that the standard GLM is now, on average, much more vulnerable to alternative
model choices. A straightforward Likelihood Ratio (LR) test leads to the same conclusion in-sample
for every single case in Table 25 in Appendix C. While the one-product GAMs mostly lead to the
highest ratio Gini coefficients and therefore seem the most promising, they are only optimal in the
sense of our mini-max strategy for general liability and travel insurance. It actually turns out that the
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one-product GAMs NBG-One and PIG-One are the least vulnerable to alternative model choices for
general liability and travel insurance, respectively, but the one-product GLMs NBG-One and NBIG-
One for home contents and home insurance, respectively. This, in turn, implies that accounting for
the claims experience of a single product is a large improvement over the standard GLM, but that the
one-product GAMs and GLMs do not seem to significantly outperform each other.
4.3 Dynamic multivariate risk profiles
In contrast to the one-product models, we can additionally account for the claims experience across
multiple product categories. As such, we extend the one-product models by incorporating the dynamic
claim score on the other products of the policyholder, if any, given the previously optimized claim
score parameters. We abbreviate the resulting multi-product models in Table 8, where we consider
both Poisson and NB distributed claim frequencies, both Gamma and IG distributed claim severities
and use either GAM or GLM specifications. Moreover, we display the effects of the multi-product claim
scores in Figure 4 for each product category separately, where the multi-product GAMs and GLMs
again lead to almost the same claim score effects and we therefore only show those for GAM-PG-Multi
and GLM-PG-Multi. Finally, Table 9 presents the maximal ratio Gini coefficients when we include
these dynamic multivariate risk profiles, with all parameter estimates reported in Appendix C.
From the claim score effects in Figure 4, we again observe that in general there is a negative relation
between the risk of a customer on a certain product and the claim score on that same product.
However, this relation is far less clear and appears more complicated for the claim scores on other
products. For general liability insurance in Figure 4a, for instance, we find that policyholders merely
possessing home contents insurance are associated with more risk and that this also holds true for
almost all claim scores for travel insurance in case of the multi-product GAMs. This, in turn, implies
that insurers should not target customers holding home contents and/or travel insurance with cross-
selling offers since we expect these customers to receive low claim scores or claim relatively often on
these other products. Moreover, we find that customers with low claim scores on home insurance are
substantially more risky for general liability insurance, since we observe that this group of customers
claims disproportionately much, and that this effect is even considerably more than that of the claim
score on general liability insurance itself. Note that the relatively large confidence bands for home and
travel insurance result from a lack of policyholders with these claim scores, since most policyholders
claim very few, relatively few customers have home contents insurance and there is relatively little
overlap from travel insurance with the other insurance products. The cubic spline approach thus seems
more representative of the uncertainty of the claim score effects than the linear approach.
Table 8: Model abbreviations for different combinations of dynamic multivariate frequency and severity models.
Abbreviation Frequency model Severity model
GAM-PG-Multi Poisson multi-product claim score GAM Gamma GLM
GAM-PIG-Multi Poisson multi-product claim score GAM Inverse-Gaussian GLM
GAM-NBG-Multi Negative Binomial multi-product claim score GAM Gamma GLM
GAM-NBIG-Multi Negative Binomial multi-product claim score GAM Inverse-Gaussian GLM
GLM-PG-Multi Poisson multi-product claim score GLM Gamma GLM
GLM-PIG-Multi Poisson multi-product claim score GLM Inverse-Gaussian GLM
GLM-NBG-Multi Negative Binomial multi-product claim score GLM Gamma GLM
GLM-NBIG-Multi Negative Binomial multi-product claim score GLM Inverse-Gaussian GLM
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(a) Effect on general liability insurance
(b) Effect on home contents insurance
(c) Effect on home insurance
(d) Effect on travel insurance
Figure 4: Estimated claim score effects and corresponding 95% confidence intervals on general liability insurance
(panel (a)), home contents insurance (panel (b)), home insurance (panel (c)) and travel insurance (panel (d)) for
multi-product GAM-PG-Multi (left) and GLM-PG-Multi (right) with dynamic multivariate risk classification.
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Table 9: Maximal ratio Gini coefficients in percentages with corresponding
standard errors in parenthesis and rank for each product category with dynamic multivariate risk classification.
General liability Home contents Home Travel
Benchmark Coefficient Rank Coefficient Rank Coefficient Rank Coefficient Rank
GLM-PG 15.71 (7.90) 13 19.87 (4.68) 14 11.19 (7.63) 10 33.27 (4.06) 19
GLM-PIG 15.71 (7.90) 14 25.72 (4.44) 20 9.30 (7.57) 6 32.62 (4.01) 17
GLM-NBG 15.71 (7.90) 15 19.81 (4.67) 13 11.16 (7.63) 9 33.29 (4.05) 20
GLM-NBIG 15.71 (7.90) 16 25.57 (4.43) 19 9.28 (7.57) 5 32.64 (4.00) 18
GAM-PG-One 12.28 (7.33) 6 21.03 (4.48) 17 16.15 (7.71) 20 19.17 (3.24) 4
GAM-PIG-One 12.28 (7.33) 5 22.45 (4.45) 18 10.24 (7.51) 8 18.54 (3.43) 1
GAM-NBG-One 12.30 (7.32) 7 11.78 (4.66) 3 16.05 (7.71) 19 19.30 (3.26) 6
GAM-NBIG-One 12.30 (7.32) 8 19.32 (4.44) 12 10.20 (7.51) 7 18.69 (3.46) 2
GLM-PG-One 16.16 (8.08) 19 16.34 (4.56) 7 11.28 (7.70) 12 25.26 (4.13) 13
GLM-PIG-One 15.78 (8.07) 17 17.93 (4.50) 11 7.57 (7.59) 2 25.22 (4.13) 12
GLM-NBG-One 16.28 (8.06) 20 10.07 (4.74) 2 11.25 (7.69) 11 25.28 (4.17) 14
GLM-NBIG-One 15.81 (8.06) 18 17.18 (4.51) 8 7.40 (7.58) 1 25.21 (4.12) 11
GAM-PG-Multi 6.62 (8.05) 4 15.34 (4.55) 6 15.38 (7.70) 18 19.48 (3.28) 7
GAM-PIG-Multi 6.62 (8.05) 3 20.64 (4.40) 16 12.90 (7.60) 16 19.11 (3.41) 3
GAM-NBG-Multi 6.57 (8.06) 2 15.29 (4.56) 5 15.35 (7.69) 17 19.64 (3.30) 8
GAM-NBIG-Multi 6.57 (8.06) 1 19.94 (4.41) 15 12.89 (7.60) 15 19.27 (3.43) 5
GLM-PG-Multi 13.81 (8.10) 9 12.96 (4.76) 4 11.88 (7.47) 13 25.32 (4.16) 16
GLM-PIG-Multi 14.00 (8.08) 11 17.91 (4.49) 10 9.24 (7.44) 3 24.80 (4.14) 10
GLM-NBG-Multi 13.97 (8.08) 10 7.01 (5.01) 1 11.89 (7.47) 14 25.29 (4.16) 15
GLM-NBIG-Multi 14.09 (8.07) 12 17.25 (4.50) 9 9.24 (7.44) 4 24.73 (4.13) 9
Interestingly enough, the multi-product GLMs do not indicate these subtleties in the claim score
due to a lack of exposure in customers owning multiple products and simultaneously having low claim
scores. More explicitly, since the effects of the claim scores in these multi-product GLMs are linear,
they are essentially based on a weighted average of all the observed claim scores. However, in Table 1
and Table 2 we see that most policyholders do not claim (at all) and, as a result, end up with high claim
scores. The estimates for the linear claim scores are therefore dominated by policyholders with high
claim scores and seem a rather poor linear approximation of the cubic claim scores that is primarily
appropriate for the good risks. The flexibility of the multi-product GAMs, on the other hand, allows
us to adjust for this lack of exposure by employing multiple cubic splines instead of forcing a single
linear relation for all claim scores. As such, the effects of the multi-product GLMs seem a result of
misspecification, whereas the effects of the multi-product GAMs a data-driven result.
However, surprisingly, the mini-max strategy of the ratio Gini coefficients does not consistently
favor the cubic claim score effects over the linear claim score effects. Table 9, for instance, shows
that for general liability and travel insurance the cubic specification is still the least vulnerable to
alternative rate structures, while for home contents and home insurance the linear specification is the
least vulnerable. Moreover, the claims experience in other product categories appears only to be useful
for risk classification in case of general liability and home insurance. For home and travel insurance,
we find that this multi-product claims experience is less useful in terms of risk classification and that
it is actually more effective to only account for the claims experience in their own product category.
Nonetheless, a standard LR test does indicate in Table 30 in Appendix C that the multi-product
model significantly outperforms the one-product model in-sample for all model specifications and each
product category, including home and travel insurance.
While this out-of-sample result may seem surprising at first sight, it can primarily be ascribed to
three factors. For home insurance, for instance, we observe relatively few policyholders to begin with
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and therefore also observe few customers holding multiple products. In case of travel insurance, we
do observe a large pool of policyholders, but few of these customers actually hold multiple insurance
products. Additionally, there is a huge excess of zeros in the insurance portfolio since most policyholders
do not claim (at all) and thus end up with high claim scores. As a result, there is little information to
gain for home and travel insurance by accounting for the claims experience in other product categories
and it is actually sufficient to merely incorporate the claims experience in their own product category.
4.4 Piecewise linear simplification
While most claim scores in the multi-product GAMs lead to an intuitive and decreasing relation with
respect to the risk of a customer, some are less straightforward and more complicated. However, in
practice insurers must explain and justify their premia, and they thus highly prefer intuitive and
interpretable premium rates. As a consequence, it makes more sense from a practical perspective to
consider a rate structure segmented into piecewise linear components by using linear, rather than
cubic, splines. We therefore implement this multi-product piecewise linear GAM for both Poisson and
NB distributed claim frequencies and both Gamma and IG distributed claim severities, which we again
abbreviate in Table 10. Moreover, we present the piecewise linear effects resulting from these claim
scores in Figure 5 and show the maximal ratio Gini coefficients when including these piecewise linear
specifications in Table 11. Finally, all parameter estimates are reported in Appendix C.
From the claim score effects in Figure 5, we observe approximately the same patterns and subtleties
for the piecewise linear GAMs as those for the cubic GAMs. In general, we again expect customers
with lower claim scores on a certain product to be associated with more risk on that same product
and that customers who merely possess home contents and/or travel insurance are associated with
more risk for all other product categories. In terms of cross-selling opportunities, this also means that
insurers should, for instance, not target customers holding home contents and/or travel insurance with
cross-selling offers. Note that we only show the claim score effects for piecewise linear GAM-PG-Multi-
PL in Figure 5 since the other three specifications lead to almost the same relations and that these
effects are based on the optimal claim score parameters for the cubic GAMs. The piecewise linear
specifications can, of course, be optimized separately as well, but this leads to similar results with
the only difference being relatively large confidence bands for travel rather than home insurance. The
resulting piecewise linear splines therefore simply seem a piecewise linear simplification of the cubic
splines and the subtleties in the claim scores indeed a data-driven result that the linear claim scores in
the multi-product GLMs are unable to capture. As such, the piecewise linear GAMs represent a more
intuitive and interpretable version of the cubic GAM for insurers to adopt in practice, but retain the
possibility to identify the cross-selling potential of customers across property and casualty insurance.
Table 10: Model abbreviations for different
combinations of dynamic multivariate frequency and severity models, extended to piecewise linear specifications.
Abbreviation Frequency model Severity model
GAM-PG-Multi-PL Poisson multi-product claim score piecewise linear GAM Gamma GLM
GAM-PIG-Multi-PL Poisson multi-product claim score piecewise linear GAM Inverse-Gaussian GLM
GAM-NBG-Multi-PL Negative Binomial multi-product claim score piecewise linear GAM Gamma GLM
GAM-NBIG-Multi-PL Negative Binomial multi-product claim score piecewise linear GAM Inverse-Gaussian GLM
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(a) Effect on general liability insurance (b) Effect on home contents insurance
(c) Effect on home insurance (d) Effect on travel insurance
Figure 5: Estimated claim score effects and corresponding 95% confidence intervals on general liability insurance
(panel (a)), home contents insurance (panel (b)), home insurance (panel (c)) and travel insurance (panel (d))
for multi-product piecewise linear GAM-PG-Multi-PL with dynamic multivariate risk classification.
Despite the promising potential of the piecewise linear GAMs, they do not significantly outperform
their cubic or linear counterparts in terms of our mini-max strategy. More specifically, in Table 11
we find that the multi-product piecewise linear GAM is only the least vulnerable to alternative rate
structures in case of general liability insurance, and that the results for the other insurance categories
remain unaffected by these additional specifications. However, these piecewise linear GAMs mostly still
seem, on average, much less vulnerable to alternative model choices than the static GLMs. In addition,
we already found in the previous section that the multi-product model significantly outperforms the
one-product model in all cases in-sample based on a straightforward LR test. Even though these
piecewise linear GAMs are not optimal in terms of our mini-max strategy, they therefore do seem
promising to consider for practitioners in the non-life insurance industry.
The claims experience of customers thus appears to be an important determinant for individual
risk classification and it can be very profitable to account for this experience in our premium rates.
Moreover, it seems that accounting for multi-product claims experience is only optimal in case of
a portfolio with a large enough pool of policyholders and with sufficient overlap between different
product categories. In all other cases, it suffices to only incorporate the claims experience in the product
category under consideration. However, if our insurance portfolio does satisfy these conditions, the
multi-product piecewise linear GAM seems particularly interesting for its intuitive and interpretable
use in practice, and its ability to detect the cross-selling potential of existing individual customers.
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Table 11:
Maximal ratio Gini coefficients in percentages with corresponding standard errors in parenthesis and rank for
each product category with dynamic multivariate risk classification, extended to piecewise linear specifications.
General liability Home contents Home Travel
Benchmark Coefficient Rank Coefficient Rank Coefficient Rank Coefficient Rank
GLM-PG 16.04 (7.98) 22 19.87 (4.68) 16 11.19 (7.63) 10 33.27 (4.06) 23
GLM-PIG 16.04 (7.98) 21 25.72 (4.44) 24 9.30 (7.57) 6 32.62 (4.01) 21
GLM-NBG 16.04 (7.98) 20 19.81 (4.67) 15 11.16 (7.63) 9 33.29 (4.05) 24
GLM-NBIG 16.04 (7.98) 19 25.57 (4.43) 23 9.28 (7.57) 5 32.64 (4.00) 22
GAM-PG-One 15.91 (7.07) 16 21.03 (4.48) 19 16.15 (7.71) 24 19.17 (3.24) 4
GAM-PIG-One 15.91 (7.07) 15 22.45 (4.45) 20 10.24 (7.51) 8 18.54 (3.43) 1
GAM-NBG-One 15.95 (7.12) 18 11.78 (4.66) 3 16.05 (7.71) 23 19.30 (3.26) 6
GAM-NBIG-One 15.95 (7.12) 17 19.32 (4.44) 14 10.20 (7.51) 7 18.69 (3.46) 2
GLM-PG-One 16.16 (8.08) 23 16.34 (4.56) 9 11.28 (7.70) 12 25.26 (4.13) 17
GLM-PIG-One 15.78 (8.07) 13 17.93 (4.50) 13 7.57 (7.59) 2 25.22 (4.13) 16
GLM-NBG-One 16.28 (8.06) 24 10.07 (4.74) 2 11.25 (7.69) 11 25.28 (4.17) 18
GLM-NBIG-One 15.81 (8.06) 14 17.18 (4.51) 10 7.40 (7.58) 1 25.21 (4.12) 15
GAM-PG-Multi 6.62 (8.05) 8 15.34 (4.55) 8 15.38 (7.70) 20 19.48 (3.28) 7
GAM-PIG-Multi 6.62 (8.05) 7 23.10 (4.45) 22 12.90 (7.60) 16 19.11 (3.41) 3
GAM-NBG-Multi 6.57 (8.06) 6 15.29 (4.56) 7 15.35 (7.69) 19 19.64 (3.30) 8
GAM-NBIG-Multi 6.57 (8.06) 5 22.88 (4.46) 21 12.89 (7.60) 15 19.27 (3.43) 5
GLM-PG-Multi 13.81 (8.10) 9 12.96 (4.76) 4 11.88 (7.47) 13 25.32 (4.16) 20
GLM-PIG-Multi 14.00 (8.08) 11 17.91 (4.49) 12 9.24 (7.44) 3 24.80 (4.14) 14
GLM-NBG-Multi 13.97 (8.08) 10 7.01 (5.01) 1 11.89 (7.47) 14 25.29 (4.16) 19
GLM-NBIG-Multi 14.09 (8.07) 12 17.25 (4.50) 11 9.24 (7.44) 4 24.73 (4.13) 13
GAM-PG-Multi-PL 5.50 (8.10) 4 15.01 (4.48) 6 16.05 (7.72) 22 20.11 (3.26) 11
GAM-PIG-Multi-PL 5.50 (8.10) 3 20.66 (4.40) 18 13.23 (7.61) 18 19.72 (3.40) 9
GAM-NBG-Multi-PL 5.48 (8.12) 2 14.87 (4.49) 5 16.00 (7.72) 21 20.27 (3.28) 12
GAM-NBIG-Multi-PL 5.48 (8.12) 1 19.90 (4.41) 17 13.18 (7.61) 17 19.85 (3.41) 10
5 Conclusion
In this paper, we have presented and applied a multi-product framework for dynamic insurance pricing
on the level of individual policyholders. While the industry standard of a GLM typically considers
only a priori information of policyholders, we have included the a posteriori claims experience of
customers across multiple product categories in a predictive claim score. As such, we have extended
the BMS-panel model of Boucher and Inoussa (2014) and Boucher and Pigeon (2018) by on the one
hand incorporating the claims experience from multiple product lines and on the other hand allowing
the respective claim scores to have a non-linear effect on the (logarithm of the) premium rate structure.
Moreover, we have considered both a natural cubic and linear spline for the effects of these claim scores
to embed our novel multi-product framework into a GAM and benefit from its existing framework.
In our application of this multi-product framework, we considered a Dutch property and casualty
insurance portfolio, including general liability, home contents, home and travel insurance. Using this
portfolio, we made a comparison between the industry standard of a GLM, non-linear cubic splines
for the claim scores and linear effects similar to the BMS-panel model. This led to the finding that
accounting for a customer’s claims experience can be very profitable and substantially outperforms
a static GLM based on a mini-max strategy of ratio Gini coefficients. This mini-max strategy also
favored the linear effects slightly more than the cubic splines in terms of profit potential, but the
linear effects appeared to be dominated by the good risks and thus misspecified for the other risks.
The effects from the cubic splines, on the other hand, were actually a data-driven result and yielded
more representative confidence bounds in case of claim score levels with little exposure. A piecewise
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linear simplification of the cubic spline supported this claim and resulted in almost the same claim
score effects and identified subtle cross-selling opportunities that the linear specification was unable
to detect. More importantly, however, our results seemed to indicate that, in case of a portfolio with
a large enough pool of policyholders and with sufficient overlap between different product lines, it
is in fact optimal or most profitable to account for the claims experience of a customer from all
product categories. As such, the multi-product framework presented in this paper, and in particular
the piecewise linear GAMs for their intuitive and interpretable rate structures, seem promising for
practitioners in the non-life insurance industry to implement in their dynamic pricing strategies.
While the focus of this paper has primarily been on separate effects for each claim score, it is also
possible to include interaction effects of all these scores. However, a more interesting avenue for future
research is to consider a single multi-dimensional spline in the multi-product GAM for all the separate
claim scores combined. This, in turn, may be able to expose complex dependencies between the claim
scores of different product categories and enhance the multi-product risk profiles. Alternatively, future
research can refine the piecewise linear simplification of the cubic spline by using one of the binning
strategies mentioned in Henckaerts et al. (2018) or by adopting a monotonicity restriction on the
spline. Both refinements may improve the profitability of the multi-product piecewise linear GAM and
may lead to a more intuitively appealing framework for non-life insurers to adopt in practice.
Acknowledgements
The author gratefully acknowledges financial support from VIVAT insurance. Any errors made or
views expressed in this paper are the responsibility of the author alone.
References
Antonio, K. and Valdez, E. (2012). Statistical concepts of a priori and a posteriori risk classification in
insurance. AStA Advances in Statistical Analysis, 96(2):187–224. https://doi.org/10.1007/s10182-011-0152-7
Barseghyan, L., Molinari, F., Steeg Morris, D., and Teitelbaum, J. C. (2018). The cost of legal
restrictions on experience rating. Research Paper No. 12–040, Georgetown University Law Center, Georgetown
University. https://doi.org/10.2139/ssrn.2176295
Bermúdez, L. and Karlis, D. (2011). Bayesian multivariate Poisson models for insurance ratemaking. In-
surance: Mathematics and Economics, 48(2):226–236. https://doi.org/10.1016/j.insmatheco.2010.11.001
Boucher, J.-P. and Inoussa, R. (2014). A posteriori ratemaking with panel data. ASTIN Bulletin, 44(3):587–
612. https://doi.org/10.1017/asb.2014.11
Boucher, J.-P. and Pigeon, M. (2018). A claim score for dynamic claim counts modeling. Retrieved from
https://arxiv.org/abs/1812.06157
Czado, C., Kastenmeier, R., Brechmann, E. C., andMin, A. (2012). A mixed copula model for insurance
claims and claim sizes. Scandinavian Actuarial Journal, 2012(4):278–305. https://doi.org/10.1080/03461238.
2010.546147
Denuit, M., Maréchal, X., Pitrebois, S., and Walhin, J.-F. (2007). Actuarial modelling of claim
counts: Risk classification, credibility and bonus-malus systems. Wiley, New York. https://doi.org/10.1002/
9780470517420
Englund, M.,Guillén, M.,Gustafsson, J.,Nielsen, L. H., andNielsen, J. P. (2008). Multivariate latent
risk: A credibility approach. ASTIN Bulletin, 38(1):137–146. https://doi.org/10.1017/S0515036100015099
19
Englund, M., Gustafsson, J., Nielsen, J. P., and Thuring, F. (2009). Multidimensional credibility with
time effects: An application to commercial business lines. The Journal of Risk and Insurance, 76(2):443–453.
https://doi.org/10.1111/j.1539-6975.2009.01306.x
Frees, E. W., Meyers, G., and Cummings, A. D. (2011). Summarizing insurance scores using a Gini
index. Journal of the American Statistical Association, 106(495):1085–1098. https://doi.org/10.1198/jasa.
2011.tm10506
Frees, E. W. J., Meyers, G., and Cummings, A. D. (2014). Insurance ratemaking and a Gini index. The
Journal of Risk and Insurance, 81(2):335–366. https://doi.org/10.1111/j.1539-6975.2012.01507.x
Garrido, J., Genest, C., and Schulz, J. (2016). Generalized linear models for dependent frequency and
severity of insurance claims. Insurance: Mathematics and Economics, 70:205–215. https://doi.org/10.1016/
j.insmatheco.2016.06.006
Gini, C. (1912). Variabilità e mutabilità (variability and mutability). Cuppini, Bologna. Retrieved from
https://ui.adsabs.harvard.edu/abs/1912vamu.book.....G
Haberman, S. and Renshaw, A. E. (1996). Generalized linear models and actuarial science. Journal of the
Royal Statistical Society. Series D (The Statistician), 45(4):407–436. https://doi.org/10.2307/2988543
Hastie, T. and Tibshirani, R. (1986). Generalized additive models. Statistical Science, 1(3):297–310. https:
//doi.org/10.1214/ss/1177013604
Hastie, T., Tibshirani, R., and Friedman, J. (2009). The elements of statistical learning: Data mining,
inference, and prediction. Springer, New York. https://doi.org/10.1007/978-0-387-84858-7
Henckaerts, R., Antonio, K., Clijsters, M., and Verbelen, R. (2018). A data driven binning strategy
for the construction of insurance tariff classes. Scandinavian Actuarial Journal, 8:681–705. https://doi.org/
10.1080/03461238.2018.1429300
Henckaerts, R., Côté, M.-P., Antonio, K., and Verbelen, R. (2019). Boosting insights in insurance
tariff plans with tree-based machine learning. Retrieved from https://arxiv.org/abs/1904.10890
Kaas, R., Goovaerts, M., Dhaene, J., and Denuit, M. (2008). Modern actuarial risk theory: Using R.
Springer, Berlin, Heidelberg. https://doi.org/10.1007/978-3-540-70998-5
Lemaire, J. (1998). Bonus-malus systems: The European and Asian approach to merit-rating. North American
Actuarial Journal, 2(1):26–38. https://doi.org/10.1080/10920277.1998.10595668
Lorenz, M. O. (1905). Methods of measuring the concentration of wealth. Publications of the American
Statistical Association, 9(70):209–219. https://doi.org/10.2307/2276207
Nelder, J. A. and Wedderburn, R. W. M. (1972). Generalized linear models. Journal of the Royal
Statistical Society. Series A (General), 135(3):370–384. https://doi.org/10.2307/2344614
Ohlsson, E. and Johansson, B. (2010). Non-life insurance pricing with generalized linear models. Springer,
Berlin, Heidelberg. https://doi.org/10.1007/978-3-642-10791-7
Pechon, F., Trufin, J., and Denuit, M. (2018). Multivariate modelling of household claim frequencies in
motor third-party liability insurance. ASTIN Bulletin, 48(3):969–993. https://doi.org/10.1017/asb.2018.21
Pinquet, J. (1997). Allowance for cost of claims in bonus-malus systems. ASTIN Bulletin, 27(1):33–57.
https://doi.org/10.2143/AST.27.1.542066
Shi, P. and Valdez, E. A. (2014). Multivariate Negative Binomial models for insurance claim counts. Insur-
ance: Mathematics and Economics, 55(1):18–29. https://doi.org/10.1016/j.insmatheco.2013.11.011
Tzougas, G., Vrontos, S., and Frangos, N. (2014). Optimal bonus-malus systems using finite mixture
models. ASTIN Bulletin, 44(2):417–444. https://doi.org/10.1017/asb.2013.31
Wood, S. N. (2006). Generalized additive models: An introduction with R. Chapman and Hall/CRC, New
York. https://doi.org/10.1201/9781315370279
Yee, T. W. and Hastie, T. J. (2003). Reduced-rank vector generalized linear models. Statistical Modeling,
3(1):15–41. https://doi.org/10.1191/1471082X03st045oa
20
Appendix A Risk factors for property and casualty insurance
Table 12: Description of the key variables used for property and casualty insurance.
Variable Values Description
Count Integer The number of claims filed by the policyholder.
Size Continuous The size of the claim in euro’s.
Exposure Continuous The exposure to risk in years.
Table 13: Description of the risk factors used for general liability insurance.
Risk factor Values Description
FamilySituation 4 categories Type of family situation.
Table 14: Description of the risk factors used for home contents insurance.
Risk factor Values Description
ProductType 3 categories Type of product.
Year 6 categories Calendar year.
Age Continuous Age of the policyholder in years.
BuildingType 10 categories Type of building of the home.
RoofType 5 categories Type of roof of the home.
FloorSpace Continuous Total floor area of the home in thousands of square metres.
HomeOwner 4 categories Whether the policyholder owns or rents its home.
Residence 5 categories Residential area of the policyholder.
Urban 8 categories Degree of urbanisation at home address.
GlassCoverage 2 categories Whether the policyholder has glass coverage.
Table 15: Description of the risk factors used for home insurance.
Risk factor Values Description
ProductType 3 categories Type of product.
Year 6 categories Calendar year.
Age Continuous Age of the policyholder in years.
FamilySituation 5 categories Type of family situation.
BuildingType 10 categories Type of building of the home.
RoofType 3 categories Type of roof of the home.
Capacity Continuous Total capacity of the home in thousands of cubic metres.
ConstructionYear 6 categories Construction year of the home.
Residence 5 categories Residential area of the policyholder.
Urban 8 categories Degree of urbanisation at home address.
GlassCoverage 2 categories Whether the policyholder has glass coverage.
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Table 16: Description of the risk factors used for travel insurance.
Risk factor Values Description
Region 3 categories Regional area covered.
Age Continuous Age of the policyholder in years.
FamilySituation 5 categories Type of family situation.
WinterCoverage 2 categories Whether the policyholder has winter sport coverage.
MoneyCoverage 2 categories Whether the policyholder has money coverage.
VehicleCoverage 2 categories Whether the policyholder has vehicle coverage.
MedicalCoverage 2 categories Whether the policyholder has medical coverage.
AccidentCoverage 2 categories Whether the policyholder has accident coverage.
CancelCoverage 2 categories Whether the policyholder has cancellation coverage.
Appendix B Estimation in multi-product claim score model
Essential to the multi-product claim score model developed in this paper is the assumption that the
response variable is independently distributed according to some member of the exponential family.
If we denote by Yi,t this response for subject i in period t, then its density p(·) can be written as
p(yi,t|ϑi,t, ϕ) = h(yi,t, wi,t, ϕ) exp
(
wi,t
ϕ
(ϑi,tyi,t −A(ϑi,t))
)
for i = 1, . . . ,M, t = 1, . . . , Ti, (B.1)
where ϑi,t denotes a distribution parameter, ϕ a dispersion parameter, wi,t a known weight that
is typically set to one or the exposure to risk, h(·, ·, ·) a known function and A(·) a known twice
continuously differentiable function. While the function h(·, ·, ·) is of little interest in GLM theory, the
function A(·) is related to the mean µi,t and covariance Σi,t of the response variable through
µ = E [Y ] = A′(ϑ) and Σ = V [Y ] = ϕ
w
v(µ),
where v(µ) = A′′(ϑ) = A′′(A′−1(µ)) is called the variance function (Ohlsson and Johansson, 2010). As
such, it is sufficient to only consider a model for the mean since this can already completely characterize
the entire distribution of the response variable.
When considering the multi-product claim score model for the mean equation, inference can be
performed straightforwardly by penalized Maximum Likelihood. Suppose the linear predictor in this
model is given by Equation (2.4) with penalized cubic regression splines for the transformations f (c)j (·).
If we consider (m+ 1)-th order B-splines with k parameters and k+m+ 1 knots in a certain interval
[x1, xk+m+1] for the basis of some set of regression splines, then we can represent them by
fj(x) =
k∑
h=1
γhB
m
h (x) for j = 1, . . . , C,
with m = 2 for cubic splines and m = 0 for linear splines, and where the B-spline basis functions
Bmh (·) are defined recursively as
Bmh (x) =
x− xh
xh+m+1 − xhB
m−1
h (x) +
xh+m+2 − x
xh+m+2 − xh+1B
m−1
h+1 (x) for h = 1, . . . , k
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with initial value B−1h (x) = 1 (xh ≤ x < xh+1) and where we have omitted the superscripts (c) for the
sake of simplicity (Wood, 2006). These smooths fj(·) are usually subject to an additional centering
constraint to ensure identification of the mean equation and typically it is assumed that all its elements
sum to zero. As a result, one degree of freedom in the splines is lost due to this identification restriction
and k − 1 effectively remain. The penalized log-likelihood function is now defined as
`p(δ, ϕ, λ|y) = `(δ, ϕ|y)− 12
C∑
j=1
λj
∫
f ′′j (x)2dx
=
M∑
i=1
Ti∑
t=1
[
log (h(yi,t, wi,t, ϕ)) +
wi,t
ϕ
(ϑi,tyi,t −A(ϑi,t))
]
− 12
C∑
j=1
λjδ
′Sjδ, (B.2)
with δ = (β, γ) and where the distribution parameters ϑi,t depend on the parameters δ through the
linear predictor, λj denotes the penalty or smoothing parameter for the j-th regression spline and
Sj a matrix of known coefficients S˜j padded with zeros such that δ′Sjδ = γ′S˜jγ. Note that the first
expression in Equation (B.2), or `(·), actually represents the ordinary log-likelihood function of the
model and that the multi-product claim score model can therefore be seen as a penalized GLM in
terms of optimization. Maximization of this penalized log-likelihood in terms of the parameters δ given
the penalties λj leads to the set of K +
∑C
j=1 kj normal equations given by
1
ϕ
M∑
i=1
Ti∑
t=1
wi,t
yi,t − µi,t
v(µi,t)g′(µi,t)
Xi,t −
C∑
j=1
λjSjδ = 0, (B.3)
where K denotes the dimension of β and ϕ is usually omitted since we can incorporate its effect into
the penalties. In practice, the smoothing parameters are of course unknown as well and are usually
estimated by generalized cross-validation or unbiased risk estimation (see, e.g., Wood (2006)).
It is clear that these normal equations do not lead to an analytical solution for our unknown
parameters and that we need to find a numerical solution to them. One way to numerically solve these
equations is by the Newton-Raphson method that relies on the gradient of the normal equations with
respect to δ, or the Hessian matrix of the (penalized) log-likelihood function. However, a more popular
approach for numerically solving these equations in the context of GLMs is called the Fisher scoring
method. This method applies the same iterative procedure as the Newton-Raphson method, but now
uses the Fisher information matrix I(·), rather than the Hessian matrix. The Fisher scoring method
is therefore characterized by
δ(n+1) = δ(n) + I−1(δ(n))J(δ(n)), (B.4)
with J(·) the Jacobian matrix of the (penalized) log-likelihood function, or the normal equations.
Formally, this information matrix is given by the expectation of the negative Hessian matrix, or
I(δ) = E [−H(δ)] = 1
ϕ
M∑
i=1
Ti∑
t=1
wi,t
v(µi,t)g′(µi,t)2
Xi,tX
′
i,t −
C∑
j=1
λjSj , (B.5)
where ϕ is typically omitted again. The advantages of using this matrix are that it is slightly easier
to implement in practice and, by definition, always remains positive definite (Ohlsson and Johansson,
2010). The Hessian matrix, on the other hand, is not necessarily positive definite unless we are already
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close to convergence. The Fisher scoring method therefore typically leads to more stable convergence
than the Newton-Raphson method, whereas the latter method is considered faster. In the context of
(penalized) GLMs, Fisher’s iterative procedure is also known as (Penalized) Iteratively Re-weighted
Least Squares and can easily be implemented in, for instance, R with the package mgcv developed by
Wood (2006). As such, the multi-product claim score model can heavily benefit from the framework
of GLMs and GAMs, and rely on existing statistical theory and software for inference.
Appendix C Supplementary estimation results
Table 17: Parameter estimates and corres-
ponding standard errors in parenthesis for general liability insurance with static univariate risk classification.
Frequency GLM Severity GLM
Risk factor Poisson Negative Binomial Gamma Inverse-Gaussian
Constant -4.2961 (0.0408)∗∗∗ -4.2961 (0.0410)∗∗∗ 6.3688 (0.2493)∗∗∗ 6.3688 (0.2089)∗∗∗
FamilySituation
- Category 1 0.0960 (0.0533) 0.0960 (0.0536) 0.5036 (0.3253) 0.5036 (0.3072)
- Category 2 1.0779 (0.0498)∗∗∗ 1.0780 (0.0502)∗∗∗ 0.3811 (0.3040) 0.3811 (0.2735)
- Category 3 1.0513 (0.0689)∗∗∗ 1.0515 (0.0697)∗∗∗ 0.1904 (0.4209) 0.1904 (0.3760)
Dispersion 1.0000 0.7909 37.2808 0.0449
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
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Table 18: Parameter estimates and cor-
responding standard errors in parenthesis for home contents insurance with static univariate risk classification.
Frequency GLM Severity GLM
Risk factor Poisson Negative Binomial Gamma Inverse-Gaussian
Constant -2.3702 (0.0709)∗∗∗ -2.3670 (0.0721)∗∗∗ 6.7431 (0.1582)∗∗∗ 6.7820 (0.1578)∗∗∗
ProductType
- Category 1 -0.5310 (0.1503)∗∗∗ -0.5325 (0.1520)∗∗∗ 0.2834 (0.3134) 0.2865 (0.3430)
- Category 2 -0.1088 (0.0467) -0.1091 (0.0474) 0.0316 (0.1022) 0.0410 (0.0990)
Year
- Category 1 -0.0019 (0.0662) -0.0030 (0.0672) 0.0482 (0.1434) 0.0145 (0.1401)
- Category 2 0.2950 (0.0597)∗∗∗ 0.2935 (0.0607)∗∗∗ 0.0659 (0.1298) 0.0467 (0.1273)
- Category 3 0.2118 (0.0589)∗∗∗ 0.2100 (0.0598)∗∗∗ -0.1313 (0.1280) -0.1560 (0.1236)
- Category 4 0.0647 (0.0593) 0.0629 (0.0602) 0.0023 (0.1285) 0.0172 (0.1259)
- Category 5 0.1961 (0.0424)∗∗∗ 0.1941 (0.0430)∗∗∗ -0.0218 (0.0904) -0.0353 (0.0896)
Age -0.0181 (0.0007)∗∗∗ -0.0182 (0.0007)∗∗∗ 0.0074 (0.0015)∗∗∗ 0.0074 (0.0015)∗∗∗
BuildingType
- Category 1 -0.0288 (0.1462) -0.0293 (0.1483) 0.3409 (0.3110) 0.4904 (0.3802)
- Category 2 -0.1215 (0.0297)∗∗∗ -0.1205 (0.0302)∗∗∗ -0.0226 (0.0655) -0.0018 (0.0691)
- Category 3 0.2696 (0.3057) 0.2808 (0.3109) 0.4139 (0.6430) 0.3747 (0.7890)
- Category 4 0.1581 (0.2911) 0.1507 (0.2984) -0.0417 (0.6365) 0.0798 (0.5711)
- Category 5 -9.7355 (102.0767) -15.7381 (2050.2475) 1.1306 (0.3020)∗∗∗ 1.2269 (0.4862)
- Category 6 -8.4914 (66.6843) -14.4919 (1339.3877) 1.1306 (0.3020)∗∗∗ 1.2269 (0.4862)
- Category 7 0.3546 (0.1437) 0.3535 (0.1464) 1.1306 (0.3020)∗∗∗ 1.2269 (0.4862)
- Category 8 0.1023 (0.0364)∗∗ 0.1020 (0.0372)∗∗ -0.0166 (0.0778) 0.0313 (0.0687)
- Category 9 0.1989 (0.0387)∗∗∗ 0.1992 (0.0395)∗∗∗ 0.1868 (0.0839) 0.2460 (0.0796)∗∗∗
RoofType
- Category 1 0.2343 (0.5292) 0.2183 (0.5449) 1.0968 (1.1156) 1.1596 (1.7062)
- Category 2 -9.6648 (155.1884) -15.6643 (3117.0421) 1.0968 (1.1156) 1.1596 (1.7062)
- Category 3 0.2642 (0.0969)∗∗ 0.2656 (0.0985)∗∗ -0.3115 (0.2036) -0.3843 (0.1824)
- Category 4 -0.0782 (0.7093) -0.0906 (0.7258) -0.4918 (1.5075) -0.5574 (1.0146)
FloorSpace 0.1073 (0.0810) 0.1098 (0.0826) 0.3243 (0.3900) 0.2287 (0.3671)
HomeOwner
- Category 1 0.0250 (0.0452) 0.0269 (0.0459) 0.0258 (0.0966) -0.0437 (0.1019)
- Category 2 0.1096 (0.0346)∗∗ 0.1105 (0.0352)∗∗ 0.0638 (0.0790) 0.0539 (0.0805)
- Category 3 -9.1946 (140.1540) -15.1970 (2815.0337) 0.0638 (0.0790) 0.0539 (0.0805)
Residence
- Category 1 0.1110 (0.1697) 0.0964 (0.1746) 0.2213 (0.3643) 0.1948 (0.3365)
- Category 2 -0.2480 (0.0679)∗∗∗ -0.2504 (0.0690)∗∗∗ -0.1910 (0.1453) -0.1931 (0.1269)
- Category 3 0.0640 (0.0282) 0.0639 (0.0288) -0.1292 (0.0597) -0.1321 (0.0538)
- Category 4 -0.4959 (0.1618)∗∗ -0.4969 (0.1636)∗∗ -0.5400 (0.3443) -0.6152 (0.2382)∗∗∗
Urban
- Category 1 0.0150 (0.0373) 0.0106 (0.0380) -0.1568 (0.0795) -0.1659 (0.0846)
- Category 2 0.0362 (0.0374) 0.0363 (0.0381) -0.2809 (0.0803)∗∗∗ -0.3245 (0.0828)∗∗∗
- Category 3 0.0113 (0.0353) 0.0121 (0.0359) -0.3598 (0.0756)∗∗∗ -0.3647 (0.0781)∗∗∗
- Category 4 -0.0271 (0.0430) -0.0260 (0.0438) -0.6029 (0.0928)∗∗∗ -0.6634 (0.0869)∗∗∗
- Category 5 -0.1036 (0.0503) -0.1027 (0.0513) -0.5199 (0.1081)∗∗∗ -0.5686 (0.1007)∗∗∗
- Category 6 -0.0858 (0.0539) -0.0851 (0.0549) -0.3446 (0.1146)∗∗ -0.4025 (0.1107)∗∗
- Category 7 -0.0994 (0.2084) -0.0801 (0.2134) -0.1796 (0.4433) -0.1241 (0.4647)
GlassCoverage 0.4926 (0.0248)∗∗∗ 0.4933 (0.0253)∗∗∗ -0.3462 (0.0546)∗∗∗ -0.3607 (0.0539)∗∗∗
Dispersion 1.0000 0.7253 4.5228 0.0054
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
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Table 19: Parameter estimates
and corresponding standard errors in parenthesis for home insurance with static univariate risk classification.
Frequency GLM Severity GLM
Risk factor Poisson Negative Binomial Gamma Inverse-Gaussian
Constant -2.1048 (0.1125)∗∗∗ -2.1052 (0.1136)∗∗∗ 7.5419 (0.2097)∗∗∗ 7.5565 (0.2166)∗∗∗
ProductType
- Category 1 -0.4486 (0.2018)∗ -0.4451 (0.2033)∗ -0.1019 (0.3817) -0.0798 (0.3680)
- Category 2 -0.3316 (0.0681)∗∗∗ -0.3308 (0.0686)∗∗∗ -0.2174 (0.1343) -0.2324 (0.1496)
Year
- Category 1 -0.3053 (0.0980)∗∗ -0.3046 (0.0989)∗∗ -0.3758 (0.1890)∗ -0.3885 (0.1993)
- Category 2 -0.0168 (0.0881) -0.0162 (0.0889) -0.4483 (0.1710)∗∗ -0.5043 (0.1823)∗∗
- Category 3 -0.1531 (0.0870) -0.1526 (0.0878) -0.5182 (0.1690)∗∗ -0.5420 (0.1801)∗∗
- Category 4 -0.0350 (0.0856) -0.0343 (0.0864) -0.6014 (0.1667)∗∗∗ -0.6104 (0.1778)∗∗∗
- Category 5 -0.0150 (0.0654) -0.0146 (0.0659) 0.0399 (0.1216) 0.0316 (0.1281)
Age -0.0124 (0.0012)∗∗∗ -0.0124 (0.0012)∗∗∗ -0.0001 (0.0023) 0.0001 (0.0021)
FamilySituation
- Category 1 -0.0670 (0.1786) -0.0674 (0.1799) -0.3253 (0.3403) -0.3560 (0.3036)
- Category 2 -0.1186 (0.1888) -0.1207 (0.1903) -0.0784 (0.3419) -0.0819 (0.3293)
- Category 3 -0.0998 (0.2383) -0.1037 (0.2404) 0.2241 (0.4471) 0.1651 (0.4724)
- Category 4 -0.5906 (0.4608) -0.5924 (0.4630) -0.2092 (0.8521) -0.3269 (0.7424)
BuildingType
- Category 1 1.0633 (1.0021) 1.0879 (1.0189) -0.1648 (1.8570) -0.1812 (1.5819)
- Category 2 -0.6961 (0.3798) -0.7001 (0.3828) -0.2590 (0.7080) -0.2912 (0.6112)
- Category 3 0.3205 (0.7084) 0.3208 (0.7177) -0.8896 (1.3149) -0.7985 (0.8331)
- Category 4 0.5565 (0.3853) 0.5592 (0.3910) -0.2433 (0.7369) -0.6194 (0.5268)
- Category 5 1.9265 (1.0139) 1.9004 (1.0617) -1.0337 (1.9047) -1.0734 (1.0671)
- Category 6 1.4046 (0.7210) 1.3999 (0.7348) -1.3398 (1.3507) -1.3602 (0.7468)
- Category 7 0.4300 (0.1950)∗ 0.4310 (0.1968)∗ -0.1343 (0.3589) -0.1136 (0.3285)
- Category 8 0.0992 (0.0439)∗ 0.0995 (0.0444)∗ 0.1399 (0.0821) 0.1087 (0.0797)
- Category 9 0.2330 (0.0472)∗∗∗ 0.2338 (0.0478)∗∗∗ 0.1683 (0.0890) 0.1165 (0.0864)
RoofType
- Category 1 0.0202 (0.1680) 0.0177 (0.1695) -0.1748 (0.3065) -0.1446 (0.2849)
- Category 2 -10.1006 (118.1189) -16.1013 (2372.4792) See Constant See Constant
Capacity 0.1092 (0.0811) 0.1093 (0.0820) 0.0545 (0.1461) 0.1255 (0.1388)
ConstructionYear
- Category 1 0.0364 (0.1227) 0.0361 (0.1241) -0.0874 (0.2286) -0.0409 (0.2087)
- Category 2 -0.3195 (0.0851)∗∗∗ -0.3196 (0.0859)∗∗∗ -0.0080 (0.1573) -0.0121 (0.1487)
- Category 3 0.0804 (0.0554) 0.0807 (0.0560) -0.0718 (0.1026) -0.0417 (0.0951)
- Category 4 0.2135 (0.0999)∗ 0.2129 (0.1013)∗ 0.0784 (0.1860) 0.1031 (0.1814)
- Category 5 -0.0379 (0.0497) -0.0375 (0.0503) 0.1138 (0.0924) 0.1123 (0.0910)
Residence
- Category 1 0.1384 (0.2172) 0.1375 (0.2201) -0.4135 (0.4115) -0.4527 (0.3235)
- Category 2 -0.2590 (0.0953)∗∗ -0.2601 (0.0962)∗∗ 0.3627 (0.1774)∗ 0.4630 (0.2113)∗
- Category 3 -0.0668 (0.0393) -0.0669 (0.0397) -0.1171 (0.0734) -0.0866 (0.0684)
- Category 4 0.0083 (0.1721) 0.0092 (0.1738) -0.0729 (0.3175) 0.0430 (0.3139)
Urban
- Category 1 0.0432 (0.0603) 0.0433 (0.0610) 0.1118 (0.1126) 0.0895 (0.1081)
- Category 2 0.0063 (0.0513) 0.0059 (0.0519) 0.0112 (0.0963) -0.0002 (0.0898)
- Category 3 0.0151 (0.0516) 0.0148 (0.0522) 0.0083 (0.0960) -0.0099 (0.0897)
- Category 4 0.0238 (0.0531) 0.0237 (0.0537) 0.1076 (0.0993) 0.0585 (0.0953)
- Category 5 -0.1201 (0.0626) -0.1200 (0.0633) -0.0900 (0.1167) -0.0875 (0.1073)
- Category 6 -0.1755 (0.0691)∗ -0.1765 (0.0697)∗ 0.3087 (0.1282)∗ 0.2128 (0.1326)
- Category 7 -0.5281 (0.4642) -0.5310 (0.4687) 1.6302 (0.8637) 1.7361 (1.3139)
GlassCoverage -0.1253 (0.0382)∗∗ -0.1252 (0.0386)∗∗ -0.0436 (0.0712) -0.0561 (0.0671)
Dispersion 1.0000 0.4066 3.4283 0.0023
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
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Table 20: Parameter estimates
and corresponding standard errors in parenthesis for travel insurance with static univariate risk classification.
Frequency GLM Severity GLM
Risk factor Poisson Negative Binomial Gamma Inverse-Gaussian
Constant -3.2927 (0.0480)∗∗∗ -3.2906 (0.0485)∗∗∗ 5.5791 (0.1295)∗∗∗ 5.5862 (0.1258)∗∗∗
Region
- Category 1 0.3307 (0.0293)∗∗∗ 0.3311 (0.0297)∗∗∗ -0.1336 (0.0749) -0.1410 (0.0712)∗
- Category 2 0.7045 (0.0264)∗∗∗ 0.7067 (0.0268)∗∗∗ 0.0493 (0.0764) 0.0497 (0.0766)
Age -0.0052 (0.0008)∗∗∗ -0.0052 (0.0008)∗∗∗ 0.0049 (0.0023)∗ 0.0047 (0.0023)∗
FamilySituation
- Category 1 -0.2588 (0.0269)∗∗∗ -0.2588 (0.0273)∗∗∗ -0.0503 (0.0750) -0.0477 (0.0728)
- Category 2 0.6293 (0.2062)∗∗ 0.6389 (0.2067)∗∗ -0.4133 (0.5774) -0.4059 (0.4390)
- Category 3 -0.6377 (0.0297)∗∗∗ -0.6387 (0.0300)∗∗∗ 0.0306 (0.0850) 0.0148 (0.0827)
- Category 4 -0.2485 (0.0522)∗∗∗ -0.2477 (0.0528)∗∗∗ -0.0221 (0.1465) -0.0315 (0.1400)
WinterCoverage 0.2234 (0.0280)∗∗∗ 0.2233 (0.0284)∗∗∗ -0.0582 (0.0781) -0.0484 (0.0748)
MoneyCoverage 0.0815 (0.0243)∗∗∗ 0.0822 (0.0246)∗∗∗ 0.0647 (0.0664) 0.0725 (0.0656)
VehicleCoverage 0.2323 (0.0304)∗∗∗ 0.2335 (0.0309)∗∗∗ 0.0569 (0.0855) 0.0617 (0.0854)
MedicalCoverage 0.4759 (0.0775)∗∗∗ 0.4794 (0.0785)∗∗∗ 0.1063 (0.2176) 0.1017 (0.2097)
AccidentCoverage 0.1245 (0.0236)∗∗∗ 0.1251 (0.0239)∗∗∗ -0.1001 (0.0653) -0.0963 (0.0631)
CancelCoverage 0.1577 (0.0219)∗∗∗ 0.1579 (0.0222)∗∗∗ 0.0636 (0.0620) 0.0705 (0.0603)
Dispersion 1.0000 0.6333 7.8574 0.0231
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
Table 21: Parameter estimates and corres-
ponding standard errors in parenthesis for general liability insurance with dynamic univariate risk classification.
Claim frequency
Risk factor GAM-PG-One GAM-PIG-One GAM-NBG-One GAM-NBIG-One GLM-PG-One GLM-PIG-One GLM-NBG-One GLM-NBIG-One
Constant -3.9428 (0.0568)∗∗∗ -3.9428 (0.0568)∗∗∗ -3.9433 (0.0573)∗∗∗ -3.9433 (0.0573)∗∗∗ -3.8786 (0.0535)∗∗∗ -3.9060 (0.0529)∗∗∗ -3.8685 (0.0503)∗∗∗ -3.9102 (0.0516)∗∗∗
FamilySituation
- Category 1 0.0718 (0.0533) 0.0718 (0.0533) 0.0722 (0.0536) 0.0722 (0.0536) 0.0769 (0.0533) 0.0728 (0.0533) 0.0688 (0.0536) 0.0676 (0.0536)
- Category 2 1.0446 (0.0499)∗∗∗ 1.0446 (0.0499)∗∗∗ 1.0452 (0.0503)∗∗∗ 1.0452 (0.0503)∗∗∗ 1.0522 (0.0499)∗∗∗ 1.0595 (0.0498)∗∗∗ 1.0336 (0.0503)∗∗∗ 1.0554 (0.0502)∗∗∗
- Category 3 0.9687 (0.0693)∗∗∗ 0.9687 (0.0693)∗∗∗ 0.9682 (0.0701)∗∗∗ 0.9682 (0.0701)∗∗∗ 0.9763 (0.0693)∗∗∗ 0.9804 (0.0693)∗∗∗ 0.9510 (0.0701)∗∗∗ 0.9729 (0.0700)∗∗∗
γ1 -0.4525 (0.0992)∗∗∗ -0.4525 (0.0992)∗∗∗ -0.4512 (0.1012)∗∗∗ -0.4512 (0.1012)∗∗∗ -0.0962 (0.0063)∗∗∗ -0.0991 (0.0065)∗∗∗ -0.0979 (0.0065)∗∗∗ -0.0996 (0.0066)∗∗∗
γ2 0.0261 (0.0705) 0.0261 (0.0705) 0.0264 (0.0713) 0.0264 (0.0713)
γ3 -0.5335 (0.0502)∗∗∗ -0.5335 (0.0502)∗∗∗ -0.5335 (0.0509)∗∗∗ -0.5335 (0.0509)∗∗∗
Dispersion 1.0000 1.0000 0.7076 0.7076 1.0000 1.0000 0.6894 0.7257
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
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Table 22: Parameter estimates and corres-
ponding standard errors in parenthesis for home contents insurance with dynamic univariate risk classification.
Claim frequency
Risk factor GAM-PG-One GAM-PIG-One GAM-NBG-One GAM-NBIG-One GLM-PG-One GLM-PIG-One GLM-NBG-One GLM-NBIG-One
Constant -2.3218 (0.0735)∗∗∗ -2.3218 (0.0735)∗∗∗ -2.3191 (0.0747)∗∗∗ -2.3191 (0.0747)∗∗∗ -2.3814 (0.0711)∗∗∗ -2.3814 (0.0711)∗∗∗ -2.3794 (0.0722)∗∗∗ -2.3794 (0.0722)∗∗∗
ProductType
- Category 1 -0.5215 (0.1506)∗∗∗ -0.5215 (0.1506)∗∗∗ -0.5229 (0.1521)∗∗∗ -0.5229 (0.1521)∗∗∗ -0.5064 (0.1504)∗∗∗ -0.5064 (0.1504)∗∗∗ -0.5076 (0.1519)∗∗∗ -0.5076 (0.1519)∗∗∗
- Category 2 -0.1012 (0.0468)∗ -0.1012 (0.0468)∗ -0.1015 (0.0475)∗ -0.1015 (0.0475)∗ -0.0962 (0.0468)∗ -0.0962 (0.0468)∗ -0.0965 (0.0475)∗ -0.0965 (0.0475)∗
Year
- Category 1 0.0219 (0.0663) 0.0219 (0.0663) 0.0213 (0.0673) 0.0213 (0.0673) 0.0180 (0.0663) 0.0180 (0.0663) 0.0176 (0.0673) 0.0176 (0.0673)
- Category 2 0.3119 (0.0601)∗∗∗ 0.3119 (0.0601)∗∗∗ 0.3110 (0.0610)∗∗∗ 0.3110 (0.0610)∗∗∗ 0.3146 (0.0598)∗∗∗ 0.3146 (0.0598)∗∗∗ 0.3141 (0.0608)∗∗∗ 0.3141 (0.0608)∗∗∗
- Category 3 0.2402 (0.0590)∗∗∗ 0.2402 (0.0590)∗∗∗ 0.2397 (0.0600)∗∗∗ 0.2397 (0.0600)∗∗∗ 0.2290 (0.0589)∗∗∗ 0.2290 (0.0589)∗∗∗ 0.2285 (0.0599)∗∗∗ 0.2285 (0.0599)∗∗∗
- Category 4 0.0761 (0.0594) 0.0761 (0.0594) 0.0750 (0.0604) 0.0750 (0.0604) 0.0734 (0.0594) 0.0734 (0.0594) 0.0721 (0.0603) 0.0721 (0.0603)
- Category 5 0.1983 (0.0424)∗∗∗ 0.1983 (0.0424)∗∗∗ 0.1962 (0.0430)∗∗∗ 0.1962 (0.0430)∗∗∗ 0.1973 (0.0424)∗∗∗ 0.1973 (0.0424)∗∗∗ 0.1953 (0.0430)∗∗∗ 0.1953 (0.0430)∗∗∗
Age -0.0180 (0.0007)∗∗∗ -0.0180 (0.0007)∗∗∗ -0.0180 (0.0007)∗∗∗ -0.0180 (0.0007)∗∗∗ -0.0177 (0.0007)∗∗∗ -0.0177 (0.0007)∗∗∗ -0.0178 (0.0007)∗∗∗ -0.0178 (0.0007)∗∗∗
BuildingType
- Category 1 -0.0229 (0.1464) -0.0229 (0.1464) -0.0240 (0.1484) -0.0240 (0.1484) -0.0202 (0.1464) -0.0202 (0.1464) -0.0204 (0.1483) -0.0204 (0.1483)
- Category 2 -0.1077 (0.0298)∗∗∗ -0.1077 (0.0298)∗∗∗ -0.1068 (0.0302)∗∗∗ -0.1068 (0.0302)∗∗∗ -0.1085 (0.0298)∗∗∗ -0.1085 (0.0298)∗∗∗ -0.1078 (0.0302)∗∗∗ -0.1078 (0.0302)∗∗∗
- Category 3 0.2809 (0.3063) 0.2809 (0.3063) 0.2896 (0.3116) 0.2896 (0.3116) 0.2855 (0.3063) 0.2855 (0.3063) 0.2931 (0.3116) 0.2931 (0.3116)
- Category 4 0.1591 (0.2911) 0.1591 (0.2911) 0.1552 (0.2976) 0.1552 (0.2976) 0.1709 (0.2911) 0.1709 (0.2911) 0.1670 (0.2975) 0.1670 (0.2975)
- Category 5 -8.8403 (68.0908) -8.8403 (68.0908) -36.3341 (160.4209)×105 -36.3341 (160.4209)×105 -9.6608 (102.1001) -9.6608 (102.1001) -15.6627 (2050.7165) -15.6627 (2050.7165)
- Category 6 -8.0990 (54.9835) -8.0990 (54.9835) -35.9981 (118.6328)×105 -35.9981 (118.6328)×105 -8.4887 (67.0208) -8.4887 (67.0208) -14.4889 (1346.1468) -14.4889 (1346.1468)
- Category 7 0.3538 (0.1438)∗ 0.3538 (0.1438)∗ 0.3514 (0.1464)∗ 0.3514 (0.1464)∗ 0.3611 (0.1437)∗ 0.3611 (0.1437)∗ 0.3591 (0.1462)∗ 0.3591 (0.1462)∗
- Category 8 0.1089 (0.0364)∗∗ 0.1089 (0.0364)∗∗ 0.1092 (0.0371)∗∗ 0.1092 (0.0371)∗∗ 0.1044 (0.0364)∗∗ 0.1044 (0.0364)∗∗ 0.1047 (0.0371)∗∗ 0.1047 (0.0371)∗∗
- Category 9 0.1955 (0.0387)∗∗∗ 0.1955 (0.0387)∗∗∗ 0.1965 (0.0395)∗∗∗ 0.1965 (0.0395)∗∗∗ 0.1903 (0.0387)∗∗∗ 0.1903 (0.0387)∗∗∗ 0.1914 (0.0395)∗∗∗ 0.1914 (0.0395)∗∗∗
RoofType
- Category 1 0.1833 (0.5302) 0.1833 (0.5302) 0.1761 (0.5446) 0.1761 (0.5446) 0.1797 (0.5303) 0.1797 (0.5303) 0.1704 (0.5450) 0.1704 (0.5450)
- Category 2 -8.6299 (92.9995) -8.6299 (92.9995) -36.5260 (223.6962)×105 -36.5260 (223.6962)×105 -9.6483 (154.8738) -9.6483 (154.8738) -15.6477 (3110.7224) -15.6477 (3110.7224)
- Category 3 0.2612 (0.0972)∗∗ 0.2612 (0.0972)∗∗ 0.2633 (0.0987)∗∗ 0.2633 (0.0987)∗∗ 0.2658 (0.0969)∗∗ 0.2658 (0.0969)∗∗ 0.2681 (0.0984)∗∗ 0.2681 (0.0984)∗∗
- Category 4 -0.1564 (0.7089) -0.1564 (0.7089) -0.1592 (0.7225) -0.1592 (0.7225) -0.1796 (0.7089) -0.1796 (0.7089) -0.1801 (0.7215) -0.1801 (0.7215)
FloorSpace 0.1070 (0.0827) 0.1070 (0.0827) 0.1090 (0.0844) 0.1090 (0.0844) 0.1054 (0.0834) 0.1054 (0.0834) 0.1073 (0.0849) 0.1073 (0.0849)
HomeOwner
- Category 1 0.0440 (0.0453) 0.0440 (0.0453) 0.0451 (0.0459) 0.0451 (0.0459) 0.0407 (0.0453) 0.0407 (0.0453) 0.0418 (0.0459) 0.0418 (0.0459)
- Category 2 0.1095 (0.0346)∗∗ 0.1095 (0.0346)∗∗ 0.1097 (0.0352)∗∗ 0.1097 (0.0352)∗∗ 0.1096 (0.0346)∗∗ 0.1096 (0.0346)∗∗ 0.1098 (0.0352)∗∗ 0.1098 (0.0352)∗∗
- Category 3 -8.6013 (105.4355) -8.6013 (105.4355) -35.4787 (240.6313)×105 -35.4787 (240.6313)×105 -9.1751 (140.3660) -9.1751 (140.3660) -15.1776 (2819.2911) -15.1776 (2819.2911)
Residence
- Category 1 0.0971 (0.1696) 0.0971 (0.1696) 0.0850 (0.1742) 0.0850 (0.1742) 0.0965 (0.1696) 0.0965 (0.1696) 0.0851 (0.1741) 0.0851 (0.1741)
- Category 2 -0.2440 (0.0680)∗∗∗ -0.2440 (0.0680)∗∗∗ -0.2460 (0.0690)∗∗∗ -0.2460 (0.0690)∗∗∗ -0.2417 (0.0679)∗∗∗ -0.2417 (0.0679)∗∗∗ -0.2439 (0.0690)∗∗∗ -0.2439 (0.0690)∗∗∗
- Category 3 0.0588 (0.0282)∗ 0.0588 (0.0282)∗ 0.0588 (0.0288)∗ 0.0588 (0.0288)∗ 0.0597 (0.0282)∗ 0.0597 (0.0282)∗ 0.0597 (0.0288)∗ 0.0597 (0.0288)∗
- Category 4 -0.4766 (0.1618)∗∗ -0.4766 (0.1618)∗∗ -0.4779 (0.1636)∗∗ -0.4779 (0.1636)∗∗ -0.4735 (0.1618)∗∗ -0.4735 (0.1618)∗∗ -0.4745 (0.1635)∗∗ -0.4745 (0.1635)∗∗
Urban
- Category 1 0.0088 (0.0373) 0.0088 (0.0373) 0.0086 (0.0380) 0.0086 (0.0380) 0.0077 (0.0373) 0.0077 (0.0373) 0.0077 (0.0380) 0.0077 (0.0380)
- Category 2 0.0293 (0.0375) 0.0293 (0.0375) 0.0296 (0.0381) 0.0296 (0.0381) 0.0312 (0.0375) 0.0312 (0.0375) 0.0316 (0.0381) 0.0316 (0.0381)
- Category 3 0.0126 (0.0353) 0.0126 (0.0353) 0.0135 (0.0359) 0.0135 (0.0359) 0.0117 (0.0353) 0.0117 (0.0353) 0.0127 (0.0359) 0.0127 (0.0359)
- Category 4 -0.0220 (0.0430) -0.0220 (0.0430) -0.0210 (0.0438) -0.0210 (0.0438) -0.0228 (0.0430) -0.0228 (0.0430) -0.0217 (0.0438) -0.0217 (0.0438)
- Category 5 -0.0961 (0.0504) -0.0961 (0.0504) -0.0957 (0.0513) -0.0957 (0.0513) -0.0966 (0.0504) -0.0966 (0.0504) -0.0961 (0.0513) -0.0961 (0.0513)
- Category 6 -0.0857 (0.0539) -0.0857 (0.0539) -0.0848 (0.0549) -0.0848 (0.0549) -0.0850 (0.0539) -0.0850 (0.0539) -0.0842 (0.0548) -0.0842 (0.0548)
- Category 7 -0.0883 (0.2082) -0.0883 (0.2082) -0.0726 (0.2130) -0.0726 (0.2130) -0.0901 (0.2082) -0.0901 (0.2082) -0.0751 (0.2129) -0.0751 (0.2129)
GlassCoverage 0.4497 (0.0251)∗∗∗ 0.4497 (0.0251)∗∗∗ 0.4507 (0.0255)∗∗∗ 0.4507 (0.0255)∗∗∗ 0.4471 (0.0251)∗∗∗ 0.4471 (0.0251)∗∗∗ 0.4482 (0.0255)∗∗∗ 0.4482 (0.0255)∗∗∗
γ1 0.2620 (0.0487)∗∗∗ 0.2620 (0.0487)∗∗∗ 0.2635 (0.0498)∗∗∗ 0.2635 (0.0498)∗∗∗ -0.0596 (0.0029)∗∗∗ -0.0596 (0.0029)∗∗∗ -0.0600 (0.0030)∗∗∗ -0.0600 (0.0030)∗∗∗
γ2 0.1576 (0.0470)∗∗∗ 0.1576 (0.0470)∗∗∗ 0.1599 (0.0480)∗∗∗ 0.1599 (0.0480)∗∗∗
γ3 -0.5735 (0.0363)∗∗∗ -0.5735 (0.0363)∗∗∗ -0.5775 (0.0374)∗∗∗ -0.5775 (0.0374)∗∗∗
Dispersion 1.0000 1.0000 0.6792 0.6792 1.0000 1.0000 0.6648 0.6648
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
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Table 23: Parameter estimates
and corresponding standard errors in parenthesis for home insurance with dynamic univariate risk classification.
Claim frequency
Risk factor GAM-PG-One GAM-PIG-One GAM-NBG-One GAM-NBIG-One GLM-PG-One GLM-PIG-One GLM-NBG-One GLM-NBIG-One
Constant -1.8737 (0.1199)∗∗∗ -1.8737 (0.1199)∗∗∗ -1.8744 (0.1211)∗∗∗ -1.8744 (0.1211)∗∗∗ -1.8591 (0.1155)∗∗∗ -1.8591 (0.1155)∗∗∗ -1.8598 (0.1166)∗∗∗ -1.8598 (0.1166)∗∗∗
ProductType
- Category 1 -0.4604 (0.2019)∗ -0.4604 (0.2019)∗ -0.4574 (0.2032)∗ -0.4574 (0.2032)∗ -0.4616 (0.2018)∗ -0.4616 (0.2018)∗ -0.4586 (0.2032)∗ -0.4586 (0.2032)∗
- Category 2 -0.3336 (0.0681)∗∗∗ -0.3336 (0.0681)∗∗∗ -0.3327 (0.0686)∗∗∗ -0.3327 (0.0686)∗∗∗ -0.3353 (0.0680)∗∗∗ -0.3353 (0.0680)∗∗∗ -0.3344 (0.0685)∗∗∗ -0.3344 (0.0685)∗∗∗
Year
- Category 1 -0.3709 (0.0992)∗∗∗ -0.3709 (0.0992)∗∗∗ -0.3704 (0.1000)∗∗∗ -0.3704 (0.1000)∗∗∗ -0.3923 (0.0986)∗∗∗ -0.3923 (0.0986)∗∗∗ -0.3917 (0.0994)∗∗∗ -0.3917 (0.0994)∗∗∗
- Category 2 -0.1456 (0.0908) -0.1456 (0.0908) -0.1450 (0.0916) -0.1450 (0.0916) -0.1706 (0.0899) -0.1706 (0.0899) -0.1698 (0.0906) -0.1698 (0.0906)
- Category 3 -0.2702 (0.0893)∗∗ -0.2702 (0.0893)∗∗ -0.2697 (0.0901)∗∗ -0.2697 (0.0901)∗∗ -0.2979 (0.0886)∗∗∗ -0.2979 (0.0886)∗∗∗ -0.2973 (0.0893)∗∗∗ -0.2973 (0.0893)∗∗∗
- Category 4 -0.1268 (0.0866) -0.1268 (0.0866) -0.1261 (0.0874) -0.1261 (0.0874) -0.1380 (0.0864) -0.1380 (0.0864) -0.1372 (0.0872) -0.1372 (0.0872)
- Category 5 -0.0813 (0.0659) -0.0813 (0.0659) -0.0807 (0.0664) -0.0807 (0.0664) -0.0790 (0.0659) -0.0790 (0.0659) -0.0783 (0.0663) -0.0783 (0.0663)
Age -0.0098 (0.0012)∗∗∗ -0.0098 (0.0012)∗∗∗ -0.0098 (0.0012)∗∗∗ -0.0098 (0.0012)∗∗∗ -0.0100 (0.0012)∗∗∗ -0.0100 (0.0012)∗∗∗ -0.0100 (0.0012)∗∗∗ -0.0100 (0.0012)∗∗∗
FamilySituation
- Category 1 -0.3051 (0.1813) -0.3051 (0.1813) -0.3050 (0.1826) -0.3050 (0.1826) -0.3244 (0.1805) -0.3244 (0.1805) -0.3243 (0.1818) -0.3243 (0.1818)
- Category 2 -0.3564 (0.1918) -0.3564 (0.1918) -0.3578 (0.1932) -0.3578 (0.1932) -0.3756 (0.1908)∗ -0.3756 (0.1908)∗ -0.3771 (0.1923)∗ -0.3771 (0.1923)∗
- Category 3 -0.3501 (0.2403) -0.3501 (0.2403) -0.3530 (0.2422) -0.3530 (0.2422) -0.3707 (0.2397) -0.3707 (0.2397) -0.3737 (0.2416) -0.3737 (0.2416)
- Category 4 -0.8411 (0.4620) -0.8411 (0.4620) -0.8417 (0.4640) -0.8417 (0.4640) -0.8600 (0.4616) -0.8600 (0.4616) -0.8604 (0.4635) -0.8604 (0.4635)
BuildingType
- Category 1 0.9062 (1.0022) 0.9062 (1.0022) 0.9236 (1.0212) 0.9236 (1.0212) 0.9182 (1.0022) 0.9182 (1.0022) 0.9343 (1.0210) 0.9343 (1.0210)
- Category 2 -0.6754 (0.3799) -0.6754 (0.3799) -0.6789 (0.3828) -0.6789 (0.3828) -0.6788 (0.3798) -0.6788 (0.3798) -0.6823 (0.3827) -0.6823 (0.3827)
- Category 3 0.4729 (0.7086) 0.4729 (0.7086) 0.4732 (0.7175) 0.4732 (0.7175) 0.4599 (0.7086) 0.4599 (0.7086) 0.4599 (0.7172) 0.4599 (0.7172)
- Category 4 0.5452 (0.3850) 0.5452 (0.3850) 0.5516 (0.3899) 0.5516 (0.3899) 0.5493 (0.3849) 0.5493 (0.3849) 0.5556 (0.3895) 0.5556 (0.3895)
- Category 5 2.0487 (1.0143)∗ 2.0487 (1.0143)∗ 2.0257 (1.0586) 2.0257 (1.0586) 2.0196 (1.0140)∗ 2.0196 (1.0140)∗ 1.9980 (1.0567) 1.9980 (1.0567)
- Category 6 1.3335 (0.7211) 1.3335 (0.7211) 1.3301 (0.7339) 1.3301 (0.7339) 1.3529 (0.7212) 1.3529 (0.7212) 1.3483 (0.7339) 1.3483 (0.7339)
- Category 7 0.4319 (0.1957)∗ 0.4319 (0.1957)∗ 0.4332 (0.1973)∗ 0.4332 (0.1973)∗ 0.4303 (0.1957)∗ 0.4303 (0.1957)∗ 0.4315 (0.1972)∗ 0.4315 (0.1972)∗
- Category 8 0.0703 (0.0440) 0.0703 (0.0440) 0.0709 (0.0444) 0.0709 (0.0444) 0.0722 (0.0439) 0.0722 (0.0439) 0.0728 (0.0444) 0.0728 (0.0444)
- Category 9 0.1815 (0.0476)∗∗∗ 0.1815 (0.0476)∗∗∗ 0.1823 (0.0481)∗∗∗ 0.1823 (0.0481)∗∗∗ 0.1850 (0.0476)∗∗∗ 0.1850 (0.0476)∗∗∗ 0.1858 (0.0480)∗∗∗ 0.1858 (0.0480)∗∗∗
RoofType
- Category 1 -0.0740 (0.1671) -0.0740 (0.1671) -0.0760 (0.1686) -0.0760 (0.1686) -0.0896 (0.1667) -0.0896 (0.1667) -0.0917 (0.1682) -0.0917 (0.1682)
- Category 2 -8.1744 (45.7822) -8.1744 (45.7822) -36.0534 (179.3560)×105 -36.0534 (179.3560)×105 -10.0684 (117.9498) -10.0684 (117.9498) -16.0705 (2369.0786) -16.0705 (2369.0786)
Capacity 0.0972 (0.0803) 0.0972 (0.0803) 0.0976 (0.0812) 0.0976 (0.0812) 0.0982 (0.0803) 0.0982 (0.0803) 0.0987 (0.0811) 0.0987 (0.0811)
ConstructionYear
- Category 1 0.0211 (0.1227) 0.0211 (0.1227) 0.0208 (0.1240) 0.0208 (0.1240) 0.0220 (0.1227) 0.0220 (0.1227) 0.0219 (0.1240) 0.0219 (0.1240)
- Category 2 -0.3514 (0.0851)∗∗∗ -0.3514 (0.0851)∗∗∗ -0.3518 (0.0859)∗∗∗ -0.3518 (0.0859)∗∗∗ -0.3500 (0.0851)∗∗∗ -0.3500 (0.0851)∗∗∗ -0.3503 (0.0859)∗∗∗ -0.3503 (0.0859)∗∗∗
- Category 3 0.1259 (0.0557)∗ 0.1259 (0.0557)∗ 0.1257 (0.0563)∗ 0.1257 (0.0563)∗ 0.1220 (0.0556)∗ 0.1220 (0.0556)∗ 0.1218 (0.0562)∗ 0.1218 (0.0562)∗
- Category 4 0.1753 (0.0999) 0.1753 (0.0999) 0.1745 (0.1013) 0.1745 (0.1013) 0.1784 (0.0999) 0.1784 (0.0999) 0.1777 (0.1012) 0.1777 (0.1012)
- Category 5 -0.0271 (0.0497) -0.0271 (0.0497) -0.0268 (0.0502) -0.0268 (0.0502) -0.0280 (0.0497) -0.0280 (0.0497) -0.0277 (0.0502) -0.0277 (0.0502)
Residence
- Category 1 0.1434 (0.2171) 0.1434 (0.2171) 0.1427 (0.2199) 0.1427 (0.2199) 0.1437 (0.2171) 0.1437 (0.2171) 0.1431 (0.2197) 0.1431 (0.2197)
- Category 2 -0.2385 (0.0953)∗ -0.2385 (0.0953)∗ -0.2394 (0.0962)∗ -0.2394 (0.0962)∗ -0.2400 (0.0953)∗ -0.2400 (0.0953)∗ -0.2410 (0.0961)∗ -0.2410 (0.0961)∗
- Category 3 -0.0679 (0.0392) -0.0679 (0.0392) -0.0682 (0.0396) -0.0682 (0.0396) -0.0679 (0.0392) -0.0679 (0.0392) -0.0680 (0.0396) -0.0680 (0.0396)
- Category 4 0.0432 (0.1722) 0.0432 (0.1722) 0.0436 (0.1739) 0.0436 (0.1739) 0.0413 (0.1722) 0.0413 (0.1722) 0.0415 (0.1738) 0.0415 (0.1738)
Urban
- Category 1 0.0465 (0.0603) 0.0465 (0.0603) 0.0467 (0.0610) 0.0467 (0.0610) 0.0471 (0.0603) 0.0471 (0.0603) 0.0473 (0.0610) 0.0473 (0.0610)
- Category 2 0.0123 (0.0513) 0.0123 (0.0513) 0.0118 (0.0518) 0.0118 (0.0518) 0.0120 (0.0513) 0.0120 (0.0513) 0.0115 (0.0518) 0.0115 (0.0518)
- Category 3 0.0260 (0.0516) 0.0260 (0.0516) 0.0255 (0.0522) 0.0255 (0.0522) 0.0252 (0.0516) 0.0252 (0.0516) 0.0247 (0.0522) 0.0247 (0.0522)
- Category 4 0.0218 (0.0531) 0.0218 (0.0531) 0.0215 (0.0537) 0.0215 (0.0537) 0.0217 (0.0531) 0.0217 (0.0531) 0.0214 (0.0537) 0.0214 (0.0537)
- Category 5 -0.1079 (0.0627) -0.1079 (0.0627) -0.1079 (0.0633) -0.1079 (0.0633) -0.1080 (0.0627) -0.1080 (0.0627) -0.1079 (0.0632) -0.1079 (0.0632)
- Category 6 -0.1466 (0.0691)∗ -0.1466 (0.0691)∗ -0.1475 (0.0698)∗ -0.1475 (0.0698)∗ -0.1484 (0.0691)∗ -0.1484 (0.0691)∗ -0.1493 (0.0698)∗ -0.1493 (0.0698)∗
- Category 7 -0.5267 (0.4641) -0.5267 (0.4641) -0.5291 (0.4685) -0.5291 (0.4685) -0.5309 (0.4641) -0.5309 (0.4641) -0.5335 (0.4683) -0.5335 (0.4683)
GlassCoverage -0.1636 (0.0384)∗∗∗ -0.1636 (0.0384)∗∗∗ -0.1635 (0.0388)∗∗∗ -0.1635 (0.0388)∗∗∗ -0.1629 (0.0384)∗∗∗ -0.1629 (0.0384)∗∗∗ -0.1628 (0.0388)∗∗∗ -0.1628 (0.0388)∗∗∗
γ1 -0.9689 (0.3238)∗∗ -0.9689 (0.3238)∗∗ -0.9708 (0.3294)∗∗ -0.9708 (0.3294)∗∗ -0.0890 (0.0099)∗∗∗ -0.0890 (0.0099)∗∗∗ -0.0889 (0.0100)∗∗∗ -0.0889 (0.0100)∗∗∗
γ2 0.1747 (0.1424) 0.1747 (0.1424) 0.1759 (0.1445) 0.1759 (0.1445)
γ3 -0.5132 (0.0602)∗∗∗ -0.5132 (0.0602)∗∗∗ -0.5131 (0.0610)∗∗∗ -0.5131 (0.0610)∗∗∗
Dispersion 1.0000 1.0000 0.3916 0.3916 1.0000 1.0000 0.3774 0.3774
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
Table 24: Parameter estimates and
corresponding standard errors in parenthesis for travel insurance with dynamic univariate risk classification.
Claim frequency
Risk factor GAM-PG-One GAM-PIG-One GAM-NBG-One GAM-NBIG-One GLM-PG-One GLM-PIG-One GLM-NBG-One GLM-NBIG-One
Constant -2.9164 (0.0504)∗∗∗ -2.9164 (0.0504)∗∗∗ -2.9144 (0.0510)∗∗∗ -2.9144 (0.0510)∗∗∗ -3.0661 (0.0486)∗∗∗ -3.0661 (0.0486)∗∗∗ -3.0627 (0.0492)∗∗∗ -3.0627 (0.0492)∗∗∗
Region
- Category 1 0.3174 (0.0294)∗∗∗ 0.3174 (0.0294)∗∗∗ 0.3176 (0.0296)∗∗∗ 0.3176 (0.0296)∗∗∗ 0.3141 (0.0294)∗∗∗ 0.3141 (0.0294)∗∗∗ 0.3142 (0.0297)∗∗∗ 0.3142 (0.0297)∗∗∗
- Category 2 0.6925 (0.0265)∗∗∗ 0.6925 (0.0265)∗∗∗ 0.6943 (0.0268)∗∗∗ 0.6943 (0.0268)∗∗∗ 0.6809 (0.0265)∗∗∗ 0.6809 (0.0265)∗∗∗ 0.6829 (0.0268)∗∗∗ 0.6829 (0.0268)∗∗∗
Age -0.0032 (0.0008)∗∗∗ -0.0032 (0.0008)∗∗∗ -0.0032 (0.0008)∗∗∗ -0.0032 (0.0008)∗∗∗ -0.0040 (0.0008)∗∗∗ -0.0040 (0.0008)∗∗∗ -0.0040 (0.0008)∗∗∗ -0.0040 (0.0008)∗∗∗
FamilySituation
- Category 1 -0.2652 (0.0270)∗∗∗ -0.2652 (0.0270)∗∗∗ -0.2654 (0.0273)∗∗∗ -0.2654 (0.0273)∗∗∗ -0.2541 (0.0269)∗∗∗ -0.2541 (0.0269)∗∗∗ -0.2543 (0.0273)∗∗∗ -0.2543 (0.0273)∗∗∗
- Category 2 0.2380 (0.2071) 0.2380 (0.2071) 0.2455 (0.2075) 0.2455 (0.2075) 0.4022 (0.2064) 0.4022 (0.2064) 0.4084 (0.2069)∗ 0.4084 (0.2069)∗
- Category 3 -0.6334 (0.0297)∗∗∗ -0.6334 (0.0297)∗∗∗ -0.6347 (0.0300)∗∗∗ -0.6347 (0.0300)∗∗∗ -0.6194 (0.0297)∗∗∗ -0.6194 (0.0297)∗∗∗ -0.6209 (0.0300)∗∗∗ -0.6209 (0.0300)∗∗∗
- Category 4 -0.2456 (0.0522)∗∗∗ -0.2456 (0.0522)∗∗∗ -0.2457 (0.0528)∗∗∗ -0.2457 (0.0528)∗∗∗ -0.2392 (0.0522)∗∗∗ -0.2392 (0.0522)∗∗∗ -0.2394 (0.0528)∗∗∗ -0.2394 (0.0528)∗∗∗
WinterCoverage 0.2357 (0.0280)∗∗∗ 0.2357 (0.0280)∗∗∗ 0.2365 (0.0284)∗∗∗ 0.2365 (0.0284)∗∗∗ 0.2248 (0.0280)∗∗∗ 0.2248 (0.0280)∗∗∗ 0.2257 (0.0284)∗∗∗ 0.2257 (0.0284)∗∗∗
MoneyCoverage 0.0878 (0.0242)∗∗∗ 0.0878 (0.0242)∗∗∗ 0.0881 (0.0245)∗∗∗ 0.0881 (0.0245)∗∗∗ 0.0818 (0.0242)∗∗∗ 0.0818 (0.0242)∗∗∗ 0.0823 (0.0245)∗∗∗ 0.0823 (0.0245)∗∗∗
VehicleCoverage 0.2234 (0.0304)∗∗∗ 0.2234 (0.0304)∗∗∗ 0.2242 (0.0309)∗∗∗ 0.2242 (0.0309)∗∗∗ 0.2206 (0.0304)∗∗∗ 0.2206 (0.0304)∗∗∗ 0.2220 (0.0309)∗∗∗ 0.2220 (0.0309)∗∗∗
MedicalCoverage 0.2823 (0.0781)∗∗∗ 0.2823 (0.0781)∗∗∗ 0.2840 (0.0791)∗∗∗ 0.2840 (0.0791)∗∗∗ 0.3640 (0.0776)∗∗∗ 0.3640 (0.0776)∗∗∗ 0.3649 (0.0787)∗∗∗ 0.3649 (0.0787)∗∗∗
AccidentCoverage 0.1099 (0.0236)∗∗∗ 0.1099 (0.0236)∗∗∗ 0.1106 (0.0239)∗∗∗ 0.1106 (0.0239)∗∗∗ 0.1129 (0.0236)∗∗∗ 0.1129 (0.0236)∗∗∗ 0.1135 (0.0239)∗∗∗ 0.1135 (0.0239)∗∗∗
CancelCoverage 0.1460 (0.0219)∗∗∗ 0.1460 (0.0219)∗∗∗ 0.1470 (0.0222)∗∗∗ 0.1470 (0.0222)∗∗∗ 0.1481 (0.0219)∗∗∗ 0.1481 (0.0219)∗∗∗ 0.1491 (0.0222)∗∗∗ 0.1491 (0.0222)∗∗∗
γ1 -0.0439 (0.0572) -0.0439 (0.0572) -0.0447 (0.0584) -0.0447 (0.0584) -0.3654 (0.0158)∗∗∗ -0.3654 (0.0158)∗∗∗ -0.3697 (0.0162)∗∗∗ -0.3697 (0.0162)∗∗∗
γ2 -0.4355 (0.0770)∗∗∗ -0.4355 (0.0770)∗∗∗ -0.4395 (0.0777)∗∗∗ -0.4395 (0.0777)∗∗∗
γ3 -0.5773 (0.0258)∗∗∗ -0.5773 (0.0258)∗∗∗ -0.5794 (0.0261)∗∗∗ -0.5794 (0.0261)∗∗∗
Dispersion 1.0000 1.0000 0.5650 0.5650 1.0000 1.0000 0.5762 0.5762
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
29
Table 25:
Likelihood Ratio test statistics and corresponding p-values for the hypothesis that the alternative frequency
model can better explain the in-sample data than the ‘null’ frequency model, based on the asymptotic chi-squared
distribution with (k − 1) = 3 and 1 degrees of freedom for the one-product GAMs and GLMs, respectively.
General liability Home contents Home Travel
Alternative Null Test statistic P-value Test statistic P-value Test statistic P-value Test statistic P-value
GAM-PG-One GLM-P(I)G 155.0273 0.0000 336.8904 0.0000 86.9432 0.0000 511.3662 0.0000
GAM-PIG-One GLM-P(I)G 135.2953 0.0000 241.6207 0.0000 71.7847 0.0000 455.6769 0.0000
GAM-NBG-One GLM-NB(I)G 171.7479 0.0000 422.2863 0.0000 100.2554 0.0000 557.9152 0.0000
GAM-NBIG-One GLM-NB(I)G 152.0160 0.0000 327.0166 0.0000 85.0969 0.0000 502.2260 0.0000
GLM-PG-One GLM-P(I)G 181.2438 0.0000 371.0530 0.0000 80.2280 0.0000 452.7635 0.0000
GLM-PIG-One GLM-P(I)G 165.8431 0.0000 275.7833 0.0000 65.0695 0.0000 397.0742 0.000
GLM-NBG-One GLM-NB(I)G 198.2461 0.0000 455.2567 0.0000 93.6829 0.0000 501.2738 0.0000
GLM-NBIG-One GLM-NB(I)G 181.0303 0.0000 359.9869 0.0000 78.5243 0.0000 445.5846 0.0000
Table 26: Parameter estimates and correspond-
ing standard errors in parenthesis for general liability insurance with dynamic multivariate risk classification.
Claim frequency
Risk factor GAM-PG-Multi GAM-PIG-Multi GAM-NBG-Multi GAM-NBIG-Multi GLM-PG-Multi GLM-PIG-Multi GLM-NBG-Multi GLM-NBIG-Multi
Constant -3.9211 (0.0580)∗∗∗ -3.9211 (0.0580)∗∗∗ -3.9220 (0.0585)∗∗∗ -3.9220 (0.0585)∗∗∗ -4.0962 (0.0431)∗∗∗ -4.0904 (0.0432)∗∗∗ -4.0935 (0.0434)∗∗∗ -4.0902 (0.0434)∗∗∗
FamilySituation
- Category 1 0.0329 (0.0541) 0.0329 (0.0541) 0.0333 (0.0544) 0.0333 (0.0544) 0.0730 (0.0537) 0.0722 (0.0537) 0.0728 (0.0540) 0.0723 (0.0540)
- Category 2 0.9663 (0.0524)∗∗∗ 0.9663 (0.0524)∗∗∗ 0.9672 (0.0528)∗∗∗ 0.9672 (0.0528)∗∗∗ 0.9749 (0.0522)∗∗∗ 0.9724 (0.0522)∗∗∗ 0.9745 (0.0526)∗∗∗ 0.9731 (0.0526)∗∗∗
- Category 3 0.9316 (0.0696)∗∗∗ 0.9316 (0.0696)∗∗∗ 0.9310 (0.0703)∗∗∗ 0.9310 (0.0703)∗∗∗ 0.9496 (0.0695)∗∗∗ 0.9482 (0.0695)∗∗∗ 0.9490 (0.0702)∗∗∗ 0.9480 (0.0702)∗∗∗
General liability
- γ1 -0.4138 (0.1005)∗∗∗ -0.4138 (0.1005)∗∗∗ -0.4113 (0.1025)∗∗∗ -0.4113 (0.1025)∗∗∗ -0.0949 (0.0063)∗∗∗ -0.0979 (0.0064)∗∗∗ -0.0966 (0.0065)∗∗∗ -0.0984 (0.0066)∗∗∗
- γ2 -0.0300 (0.0727) -0.0300 (0.0727) -0.0298 (0.0736) -0.0298 (0.0736)
- γ3 -0.6215 (0.0531)∗∗∗ -0.6215 (0.0531)∗∗∗ -0.6217 (0.0538)∗∗∗ -0.6217 (0.0538)∗∗∗
Home contents
- γ1 0.3087 (0.0833)∗∗∗ 0.3087 (0.0833)∗∗∗ 0.3093 (0.0842)∗∗∗ 0.3093 (0.0842)∗∗∗ -0.0250 (0.0059)∗∗∗ -0.0252 (0.0059)∗∗∗ -0.0251 (0.0059)∗∗∗ -0.0252 (0.0059)∗∗∗
- γ2 -0.0624 (0.0818) -0.0624 (0.0818) -0.0642 (0.0827) -0.0642 (0.0827)
- γ3 -0.2399 (0.0709)∗∗∗ -0.2399 (0.0709)∗∗∗ -0.2404 (0.0718)∗∗∗ -0.2404 (0.0718)∗∗∗
Home
- γ1 -1.5490 (0.4883)∗∗∗ -1.5490 (0.4883)∗∗∗ -1.5804 (0.4988)∗∗∗ -1.5804 (0.4988)∗∗∗ 0.0075 (0.0102) 0.0080 (0.0102) 0.0079 (0.0104) 0.0082 (0.0104)
- γ2 0.9540 (0.2399)∗∗∗ 0.9540 (0.2399)∗∗∗ 0.9682 (0.2447)∗∗∗ 0.9682 (0.2447)∗∗∗
- γ3 0.0115 (0.0681) 0.0115 (0.0681) 0.0096 (0.0690) 0.0096 (0.0690)
Travel
- γ1 -0.3368 (0.2197) -0.3368 (0.2197) -0.3331 (0.2232) -0.3331 (0.2232) 0.0464 (0.0472) 0.0467 (0.0472) 0.0481 (0.0477) 0.0484 (0.0477)
- γ2 0.0483 (0.2890) 0.0483 (0.2890) 0.0462 (0.2920) 0.0462 (0.2920)
- γ3 0.0712 (0.0506) 0.0712 (0.0506) 0.0729 (0.0512) 0.0729 (0.0512)
Dispersion 1.0000 1.0000 0.6833 0.6833 1.0000 1.0000 0.7029 0.6938
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
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Table 27: Parameter estimates and correspond-
ing standard errors in parenthesis for home contents insurance with dynamic multivariate risk classification.
Claim frequency
Risk factor GAM-PG-Multi GAM-PIG-Multi GAM-NBG-Multi GAM-NBIG-Multi GLM-PG-Multi GLM-PIG-Multi GLM-NBG-Multi GLM-NBIG-Multi
Constant -2.3181 (0.0749)∗∗∗ -2.3181 (0.0749)∗∗∗ -2.3165 (0.0760)∗∗∗ -2.3165 (0.0760)∗∗∗ -2.2906 (0.0718)∗∗∗ -2.2903 (0.0718)∗∗∗ -2.2891 (0.0729)∗∗∗ -2.2888 (0.0729)∗∗∗
ProductType
- Category 1 -0.5834 (0.1503)∗∗∗ -0.5834 (0.1503)∗∗∗ -0.5851 (0.1518)∗∗∗ -0.5851 (0.1518)∗∗∗ -0.5831 (0.1498)∗∗∗ -0.5833 (0.1498)∗∗∗ -0.5844 (0.1513)∗∗∗ -0.5846 (0.1513)∗∗∗
- Category 2 -0.1009 (0.0472)∗ -0.1009 (0.0472)∗ -0.1010 (0.0478)∗ -0.1010 (0.0478)∗ -0.0949 (0.0471)∗ -0.0949 (0.0471)∗ -0.0951 (0.0477)∗ -0.0951 (0.0477)∗
Year
- Category 1 -0.0001 (0.0670) -0.0001 (0.0670) 0.0004 (0.0680) 0.0004 (0.0680) -0.0162 (0.0666) -0.0163 (0.0666) -0.0161 (0.0676) -0.0163 (0.0676)
- Category 2 0.2478 (0.0611)∗∗∗ 0.2478 (0.0611)∗∗∗ 0.2471 (0.0621)∗∗∗ 0.2471 (0.0621)∗∗∗ 0.2502 (0.0604)∗∗∗ 0.2500 (0.0604)∗∗∗ 0.2494 (0.0613)∗∗∗ 0.2493 (0.0613)∗∗∗
- Category 3 0.1514 (0.0602)∗ 0.1514 (0.0602)∗ 0.1514 (0.0611)∗ 0.1514 (0.0611)∗ 0.1709 (0.0594)∗∗ 0.1708 (0.0594)∗∗ 0.1710 (0.0603)∗∗ 0.1709 (0.0603)∗∗
- Category 4 0.0026 (0.0604) 0.0026 (0.0604) 0.0014 (0.0613) 0.0014 (0.0613) 0.0373 (0.0597) 0.0372 (0.0597) 0.0364 (0.0606) 0.0363 (0.0606)
- Category 5 0.1647 (0.0425)∗∗∗ 0.1647 (0.0425)∗∗∗ 0.1627 (0.0431)∗∗∗ 0.1627 (0.0431)∗∗∗ 0.1794 (0.0424)∗∗∗ 0.1794 (0.0424)∗∗∗ 0.1780 (0.0430)∗∗∗ 0.1780 (0.0430)∗∗∗
Age -0.0163 (0.0007)∗∗∗ -0.0163 (0.0007)∗∗∗ -0.0163 (0.0007)∗∗∗ -0.0163 (0.0007)∗∗∗ -0.0172 (0.0007)∗∗∗ -0.0171 (0.0007)∗∗∗ -0.0172 (0.0007)∗∗∗ -0.0172 (0.0007)∗∗∗
BuildingType
- Category 1 -0.0513 (0.1461) -0.0513 (0.1461) -0.0517 (0.1480) -0.0517 (0.1480) -0.0578 (0.1459) -0.0578 (0.1459) -0.0585 (0.1478) -0.0585 (0.1478)
- Category 2 -0.1436 (0.0305)∗∗∗ -0.1436 (0.0305)∗∗∗ -0.1422 (0.0309)∗∗∗ -0.1422 (0.0309)∗∗∗ -0.1667 (0.0301)∗∗∗ -0.1667 (0.0301)∗∗∗ -0.1654 (0.0305)∗∗∗ -0.1653 (0.0305)∗∗∗
- Category 3 0.3455 (0.3092) 0.3455 (0.3092) 0.3528 (0.3138) 0.3528 (0.3138) 0.3065 (0.3084) 0.3065 (0.3084) 0.3125 (0.3134) 0.3125 (0.3134)
- Category 4 0.1427 (0.2909) 0.1427 (0.2909) 0.1448 (0.2964) 0.1448 (0.2964) 0.1392 (0.2911) 0.1389 (0.2911) 0.1356 (0.2974) 0.1354 (0.2974)
- Category 5 -8.9227 (67.8969) -8.9227 (67.8969) -36.4094 (160.4209)×105 -36.4094 (160.4209)×105 -9.7429 (101.6049) -9.7431 (101.6051) -15.7440 (2040.7719) -15.7442 (2040.7737)
- Category 6 -8.1999 (54.9223) -8.1999 (54.9223) -36.0956 (118.6328)×105 -36.0956 (118.6328)×105 -8.6316 (67.5068) -8.6318 (67.5061) -14.6311 (1355.9098) -14.6313 (1355.8979)
- Category 7 0.2789 (0.1438) 0.2789 (0.1438) 0.2788 (0.1462) 0.2788 (0.1462) 0.2575 (0.1435) 0.2573 (0.1435) 0.2570 (0.1459) 0.2569 (0.1459)
- Category 8 0.0917 (0.0366)∗ 0.0917 (0.0366)∗ 0.0919 (0.0373)∗ 0.0919 (0.0373)∗ 0.1089 (0.0364)∗∗ 0.1088 (0.0364)∗∗ 0.1094 (0.0372)∗∗ 0.1093 (0.0372)∗∗
- Category 9 0.1655 (0.0390)∗∗∗ 0.1655 (0.0390)∗∗∗ 0.1666 (0.0398)∗∗∗ 0.1666 (0.0398)∗∗∗ 0.1868 (0.0388)∗∗∗ 0.1867 (0.0388)∗∗∗ 0.1881 (0.0396)∗∗∗ 0.1880 (0.0396)∗∗∗
RoofType
- Category 1 0.0785 (0.5352) 0.0785 (0.5352) 0.0769 (0.5482) 0.0769 (0.5482) 0.0726 (0.5339) 0.0725 (0.5339) 0.0673 (0.5481) 0.0672 (0.5481)
- Category 2 -8.6385 (93.0316) -8.6385 (93.0316) -36.5342 (223.6962)×105 -36.5342 (223.6962)×105 -9.6868 (155.1040) -9.6871 (155.1045) -15.6857 (3115.3461) -15.6859 (3115.3538)
- Category 3 0.1873 (0.0971) 0.1873 (0.0971) 0.1911 (0.0985) 0.1911 (0.0985) 0.1895 (0.0966)∗ 0.1893 (0.0966) 0.1932 (0.0980)∗ 0.1931 (0.0980)∗
- Category 4 -0.2077 (0.7086) -0.2077 (0.7086) -0.2086 (0.7212) -0.2086 (0.7212) -0.2575 (0.7086) -0.2577 (0.7086) -0.2582 (0.7217) -0.2583 (0.7217)
FloorSpace 0.0794 (0.0904) 0.0794 (0.0904) 0.0813 (0.0918) 0.0813 (0.0918) 0.0935 (0.0875) 0.0935 (0.0875) 0.0950 (0.0890) 0.0950 (0.0890)
HomeOwner
- Category 1 -0.0044 (0.0459) -0.0044 (0.0459) -0.0030 (0.0465) -0.0030 (0.0465) -0.0155 (0.0454) -0.0155 (0.0454) -0.0139 (0.0461) -0.0139 (0.0461)
- Category 2 0.0755 (0.0352)∗ 0.0755 (0.0352)∗ 0.0764 (0.0358)∗ 0.0764 (0.0358)∗ 0.0599 (0.0348) 0.0600 (0.0348) 0.0608 (0.0354) 0.0608 (0.0354)
- Category 3 -8.5934 (105.1370) -8.5934 (105.1370) -35.4742 (240.6313)×105 -35.4742 (240.6313)×105 -9.1728 (139.8226) -9.1728 (139.8225) -15.1763 (2808.3787) -15.1763 (2808.3802)
Residence
- Category 1 0.0902 (0.1696) 0.0902 (0.1696) 0.0798 (0.1740) 0.0798 (0.1740) 0.0828 (0.1695) 0.0826 (0.1695) 0.0719 (0.1739) 0.0717 (0.1739)
- Category 2 -0.2324 (0.0680)∗∗∗ -0.2324 (0.0680)∗∗∗ -0.2342 (0.0690)∗∗∗ -0.2342 (0.0690)∗∗∗ -0.2407 (0.0680)∗∗∗ -0.2407 (0.0680)∗∗∗ -0.2429 (0.0689)∗∗∗ -0.2430 (0.0689)∗∗∗
- Category 3 0.0514 (0.0282) 0.0514 (0.0282) 0.0518 (0.0287) 0.0518 (0.0287) 0.0549 (0.0282) 0.0549 (0.0282) 0.0551 (0.0287) 0.0551 (0.0287)
- Category 4 -0.4458 (0.1618)∗∗ -0.4458 (0.1618)∗∗ -0.4468 (0.1635)∗∗ -0.4468 (0.1635)∗∗ -0.4648 (0.1618)∗∗ -0.4649 (0.1618)∗∗ -0.4656 (0.1634)∗∗ -0.4657 (0.1634)∗∗
Urban
- Category 1 0.0154 (0.0373) 0.0154 (0.0373) 0.0150 (0.0380) 0.0150 (0.0380) 0.0235 (0.0373) 0.0235 (0.0373) 0.0233 (0.0380) 0.0233 (0.0380)
- Category 2 0.0399 (0.0375) 0.0399 (0.0375) 0.0398 (0.0382) 0.0398 (0.0382) 0.0520 (0.0375) 0.0522 (0.0375) 0.0521 (0.0381) 0.0522 (0.0381)
- Category 3 0.0132 (0.0354) 0.0132 (0.0354) 0.0137 (0.0360) 0.0137 (0.0360) 0.0306 (0.0353) 0.0306 (0.0353) 0.0313 (0.0359) 0.0313 (0.0359)
- Category 4 -0.0242 (0.0431) -0.0242 (0.0431) -0.0236 (0.0439) -0.0236 (0.0439) -0.0043 (0.0430) -0.0043 (0.0430) -0.0036 (0.0438) -0.0035 (0.0438)
- Category 5 -0.0841 (0.0505) -0.0841 (0.0505) -0.0844 (0.0513) -0.0844 (0.0513) -0.0713 (0.0504) -0.0713 (0.0504) -0.0711 (0.0513) -0.0710 (0.0513)
- Category 6 -0.0663 (0.0540) -0.0663 (0.0540) -0.0659 (0.0549) -0.0659 (0.0549) -0.0609 (0.0539) -0.0608 (0.0539) -0.0601 (0.0548) -0.0600 (0.0548)
- Category 7 -0.0861 (0.2082) -0.0861 (0.2082) -0.0721 (0.2127) -0.0721 (0.2127) -0.0715 (0.2081) -0.0713 (0.2081) -0.0567 (0.2126) -0.0565 (0.2126)
GlassCoverage 0.5217 (0.0276)∗∗∗ 0.5217 (0.0276)∗∗∗ 0.5226 (0.0281)∗∗∗ 0.5226 (0.0281)∗∗∗ 0.5610 (0.0271)∗∗∗ 0.5610 (0.0271)∗∗∗ 0.5622 (0.0276)∗∗∗ 0.5622 (0.0276)∗∗∗
General liability
- γ1 0.3097 (0.0773)∗∗∗ 0.3097 (0.0773)∗∗∗ 0.3083 (0.0790)∗∗∗ 0.3083 (0.0790)∗∗∗ -0.0250 (0.0060)∗∗∗ -0.0252 (0.0060)∗∗∗ -0.0248 (0.0061)∗∗∗ -0.0251 (0.0061)∗∗∗
- γ2 0.0682 (0.0471) 0.0682 (0.0471) 0.0716 (0.0481) 0.0716 (0.0481)
- γ3 -0.0747 (0.0277)∗∗ -0.0747 (0.0277)∗∗ -0.0745 (0.0282)∗∗ -0.0745 (0.0282)∗∗
Home contents
- γ1 0.3545 (0.0500)∗∗∗ 0.3545 (0.0500)∗∗∗ 0.3556 (0.0510)∗∗∗ 0.3556 (0.0510)∗∗∗ -0.0608 (0.0029)∗∗∗ -0.0608 (0.0029)∗∗∗ -0.0612 (0.0030)∗∗∗ -0.0612 (0.0030)∗∗∗
- γ2 0.2305 (0.0488)∗∗∗ 0.2305 (0.0488)∗∗∗ 0.2315 (0.0497)∗∗∗ 0.2315 (0.0497)∗∗∗
- γ3 -0.5592 (0.0367)∗∗∗ -0.5592 (0.0367)∗∗∗ -0.5633 (0.0377)∗∗∗ -0.5633 (0.0377)∗∗∗
Home
- γ1 -0.0528 (0.3069) -0.0528 (0.3069) -0.0506 (0.3152) -0.0506 (0.3152) -0.0741 (0.0073)∗∗∗ -0.0740 (0.0073)∗∗∗ -0.0739 (0.0074)∗∗∗ -0.0739 (0.0074)∗∗∗
- γ2 0.0046 (0.1417) 0.0046 (0.1417) 0.0062 (0.1454) 0.0062 (0.1454)
- γ3 -0.3806 (0.0471)∗∗∗ -0.3806 (0.0471)∗∗∗ -0.3795 (0.0481)∗∗∗ -0.3795 (0.0481)∗∗∗
Travel
- γ1 -0.2906 (0.1383)∗ -0.2906 (0.1383)∗ -0.2915 (0.1420)∗ -0.2915 (0.1420)∗ 0.0449 (0.0299) 0.0450 (0.0299) 0.0447 (0.0305) 0.0448 (0.0305)
- γ2 0.2989 (0.1714)∗ 0.2989 (0.1714)∗ 0.3027 (0.1746)∗ 0.3027 (0.1746)∗
- γ3 0.0317 (0.0323) 0.0317 (0.0323) 0.0314 (0.0329) 0.0314 (0.0329)
Dispersion 1.0000 1.0000 0.6340 0.6340 1.0000 1.0000 0.6335 0.6335
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
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Table 28: Parameter estimates and
corresponding standard errors in parenthesis for home insurance with dynamic multivariate risk classification.
Claim frequency
Risk factor GAM-PG-Multi GAM-PIG-Multi GAM-NBG-Multi GAM-NBIG-Multi GLM-PG-Multi GLM-PIG-Multi GLM-NBG-Multi GLM-NBIG-Multi
Constant -2.0049 (0.1219)∗∗∗ -2.0049 (0.1219)∗∗∗ -2.0055 (0.1231)∗∗∗ -2.0055 (0.1231)∗∗∗ -1.8929 (0.1161)∗∗∗ -1.8928 (0.1161)∗∗∗ -1.8937 (0.1171)∗∗∗ -1.8937 (0.1171)∗∗∗
ProductType
- Category 1 -0.4541 (0.2019)∗ -0.4541 (0.2019)∗ -0.4510 (0.2033)∗ -0.4510 (0.2033)∗ -0.4609 (0.2019)∗ -0.4609 (0.2019)∗ -0.4579 (0.2031)∗ -0.4580 (0.2031)∗
- Category 2 -0.3289 (0.0682)∗∗∗ -0.3289 (0.0682)∗∗∗ -0.3280 (0.0687)∗∗∗ -0.3280 (0.0687)∗∗∗ -0.3328 (0.0681)∗∗∗ -0.3328 (0.0681)∗∗∗ -0.3318 (0.0686)∗∗∗ -0.3319 (0.0686)∗∗∗
Year
- Category 1 -0.3382 (0.0995)∗∗∗ -0.3382 (0.0995)∗∗∗ -0.3374 (0.1003)∗∗∗ -0.3374 (0.1003)∗∗∗ -0.3818 (0.0987)∗∗∗ -0.3819 (0.0987)∗∗∗ -0.3810 (0.0995)∗∗∗ -0.3810 (0.0995)∗∗∗
- Category 2 -0.1044 (0.0911) -0.1044 (0.0911) -0.1041 (0.0919) -0.1041 (0.0919) -0.1588 (0.0900) -0.1589 (0.0900) -0.1582 (0.0908) -0.1583 (0.0908)
- Category 3 -0.2478 (0.0897)∗∗ -0.2478 (0.0897)∗∗ -0.2473 (0.0904)∗∗ -0.2473 (0.0904)∗∗ -0.2890 (0.0887)∗∗ -0.2890 (0.0887)∗∗ -0.2882 (0.0894)∗∗ -0.2882 (0.0894)∗∗
- Category 4 -0.1187 (0.0873) -0.1187 (0.0873) -0.1178 (0.0880) -0.1178 (0.0880) -0.1360 (0.0865) -0.1360 (0.0865) -0.1351 (0.0872) -0.1351 (0.0872)
- Category 5 -0.0790 (0.0659) -0.0790 (0.0659) -0.0785 (0.0664) -0.0785 (0.0664) -0.0784 (0.0659) -0.0784 (0.0659) -0.0779 (0.0663) -0.0779 (0.0663)
Age -0.0095 (0.0012)∗∗∗ -0.0095 (0.0012)∗∗∗ -0.0095 (0.0013)∗∗∗ -0.0095 (0.0013)∗∗∗ -0.0096 (0.0012)∗∗∗ -0.0096 (0.0012)∗∗∗ -0.0096 (0.0012)∗∗∗ -0.0096 (0.0012)∗∗∗
FamilySituation
- Category 1 -0.2479 (0.1815) -0.2479 (0.1815) -0.2483 (0.1828) -0.2483 (0.1828) -0.3144 (0.1806) -0.3145 (0.1806) -0.3148 (0.1818) -0.3149 (0.1818)
- Category 2 -0.3017 (0.1921) -0.3017 (0.1921) -0.3036 (0.1935) -0.3036 (0.1935) -0.3703 (0.1909) -0.3704 (0.1909) -0.3720 (0.1922) -0.3720 (0.1922)
- Category 3 -0.2936 (0.2406) -0.2936 (0.2406) -0.2966 (0.2424) -0.2966 (0.2424) -0.3648 (0.2397) -0.3648 (0.2397) -0.3677 (0.2415) -0.3678 (0.2415)
- Category 4 -0.7884 (0.4622) -0.7884 (0.4622) -0.7897 (0.4642) -0.7897 (0.4642) -0.8589 (0.4617) -0.8589 (0.4617) -0.8597 (0.4636) -0.8597 (0.4636)
BuildingType
- Category 1 0.9235 (1.0024) 0.9235 (1.0024) 0.9408 (1.0199) 0.9408 (1.0199) 0.9326 (1.0022) 0.9325 (1.0022) 0.9489 (1.0195) 0.9488 (1.0195)
- Category 2 -0.7058 (0.3799) -0.7058 (0.3799) -0.7090 (0.3827) -0.7090 (0.3827) -0.7036 (0.3799) -0.7035 (0.3799) -0.7064 (0.3826) -0.7064 (0.3826)
- Category 3 0.4998 (0.7088) 0.4998 (0.7088) 0.4952 (0.7192) 0.4952 (0.7192) 0.4690 (0.7086) 0.4690 (0.7086) 0.4669 (0.7178) 0.4669 (0.7178)
- Category 4 0.5577 (0.3854) 0.5577 (0.3854) 0.5668 (0.3898) 0.5668 (0.3898) 0.5457 (0.3858) 0.5455 (0.3858) 0.5523 (0.3902) 0.5522 (0.3902)
- Category 5 1.9437 (1.0148) 1.9437 (1.0148) 1.9302 (1.0546) 1.9302 (1.0546) 1.9534 (1.0145) 1.9535 (1.0145) 1.9428 (1.0522) 1.9429 (1.0522)
- Category 6 1.3383 (0.7212) 1.3383 (0.7212) 1.3356 (0.7332) 1.3356 (0.7332) 1.3321 (0.7212) 1.3321 (0.7212) 1.3292 (0.7329) 1.3292 (0.7329)
- Category 7 0.4340 (0.1957)∗ 0.4340 (0.1957)∗ 0.4352 (0.1972)∗ 0.4352 (0.1972)∗ 0.4308 (0.1956)∗ 0.4308 (0.1956)∗ 0.4323 (0.1971)∗ 0.4323 (0.1971)∗
- Category 8 0.0647 (0.0440) 0.0647 (0.0440) 0.0653 (0.0445) 0.0653 (0.0445) 0.0698 (0.0440) 0.0698 (0.0440) 0.0704 (0.0444) 0.0704 (0.0444)
- Category 9 0.1690 (0.0477)∗∗∗ 0.1690 (0.0477)∗∗∗ 0.1700 (0.0482)∗∗∗ 0.1700 (0.0482)∗∗∗ 0.1763 (0.0476)∗∗∗ 0.1763 (0.0476)∗∗∗ 0.1770 (0.0481)∗∗∗ 0.1770 (0.0481)∗∗∗
RoofType
- Category 1 -0.0557 (0.1673) -0.0557 (0.1673) -0.0580 (0.1688) -0.0580 (0.1688) -0.0824 (0.1667) -0.0824 (0.1667) -0.0845 (0.1681) -0.0846 (0.1681)
- Category 2 -8.3036 (45.1712) -8.3036 (45.1712) -36.1886 (179.3560)×105 -36.1886 (179.3560)×105 -10.1656 (116.8408) -10.1655 (116.8376) -16.1680 (2346.8043) -16.1679 (2346.7625)
Capacity 0.1031 (0.0802) 0.1031 (0.0802) 0.1043 (0.0811) 0.1043 (0.0811) 0.1006 (0.0801) 0.1006 (0.0801) 0.1015 (0.0810) 0.1015 (0.0810)
ConstructionYear
- Category 1 0.0191 (0.1228) 0.0191 (0.1228) 0.0193 (0.1241) 0.0193 (0.1241) 0.0258 (0.1227) 0.0258 (0.1227) 0.0260 (0.1239) 0.0260 (0.1239)
- Category 2 -0.3304 (0.0852)∗∗∗ -0.3304 (0.0852)∗∗∗ -0.3307 (0.0859)∗∗∗ -0.3307 (0.0859)∗∗∗ -0.3325 (0.0852)∗∗∗ -0.3325 (0.0852)∗∗∗ -0.3329 (0.0859)∗∗∗ -0.3329 (0.0859)∗∗∗
- Category 3 0.1158 (0.0557)∗ 0.1158 (0.0557)∗ 0.1156 (0.0563)∗ 0.1156 (0.0563)∗ 0.1132 (0.0556)∗ 0.1132 (0.0556)∗ 0.1130 (0.0561)∗ 0.1130 (0.0561)∗
- Category 4 0.1789 (0.1000) 0.1789 (0.1000) 0.1782 (0.1013) 0.1782 (0.1013) 0.1844 (0.1000) 0.1844 (0.1000) 0.1840 (0.1012) 0.1841 (0.1012)
- Category 5 -0.0251 (0.0497) -0.0251 (0.0497) -0.0250 (0.0502) -0.0250 (0.0502) -0.0253 (0.0497) -0.0253 (0.0497) -0.0251 (0.0502) -0.0251 (0.0502)
Residence
- Category 1 0.1313 (0.2173) 0.1313 (0.2173) 0.1315 (0.2199) 0.1315 (0.2199) 0.1234 (0.2175) 0.1233 (0.2175) 0.1234 (0.2201) 0.1234 (0.2201)
- Category 2 -0.2290 (0.0954)∗ -0.2290 (0.0954)∗ -0.2304 (0.0962)∗ -0.2304 (0.0962)∗ -0.2363 (0.0953)∗ -0.2363 (0.0953)∗ -0.2373 (0.0961)∗ -0.2373 (0.0961)∗
- Category 3 -0.0681 (0.0392) -0.0681 (0.0392) -0.0685 (0.0396) -0.0685 (0.0396) -0.0693 (0.0392) -0.0693 (0.0392) -0.0695 (0.0396) -0.0695 (0.0396)
- Category 4 0.0578 (0.1722) 0.0578 (0.1722) 0.0577 (0.1739) 0.0577 (0.1739) 0.0557 (0.1722) 0.0558 (0.1722) 0.0568 (0.1737) 0.0568 (0.1737)
Urban
- Category 1 0.0513 (0.0604) 0.0513 (0.0604) 0.0515 (0.0611) 0.0515 (0.0611) 0.0478 (0.0604) 0.0477 (0.0604) 0.0479 (0.0610) 0.0479 (0.0610)
- Category 2 0.0128 (0.0513) 0.0128 (0.0513) 0.0127 (0.0519) 0.0127 (0.0519) 0.0116 (0.0513) 0.0116 (0.0513) 0.0113 (0.0518) 0.0113 (0.0518)
- Category 3 0.0243 (0.0516) 0.0243 (0.0516) 0.0241 (0.0522) 0.0241 (0.0522) 0.0222 (0.0516) 0.0222 (0.0516) 0.0219 (0.0522) 0.0220 (0.0522)
- Category 4 0.0212 (0.0531) 0.0212 (0.0531) 0.0209 (0.0537) 0.0209 (0.0537) 0.0232 (0.0531) 0.0232 (0.0531) 0.0228 (0.0537) 0.0228 (0.0537)
- Category 5 -0.1040 (0.0627) -0.1040 (0.0627) -0.1038 (0.0633) -0.1038 (0.0633) -0.1053 (0.0627) -0.1053 (0.0627) -0.1052 (0.0632) -0.1052 (0.0632)
- Category 6 -0.1465 (0.0692)∗ -0.1465 (0.0692)∗ -0.1474 (0.0698)∗ -0.1474 (0.0698)∗ -0.1483 (0.0691)∗ -0.1482 (0.0691)∗ -0.1490 (0.0698)∗ -0.1490 (0.0698)∗
- Category 7 -0.4868 (0.4643) -0.4868 (0.4643) -0.4898 (0.4685) -0.4898 (0.4685) -0.4957 (0.4643) -0.4956 (0.4644) -0.4981 (0.4683) -0.4981 (0.4683)
GlassCoverage -0.1225 (0.0390)∗∗ -0.1225 (0.0390)∗∗ -0.1223 (0.0393)∗∗ -0.1223 (0.0393)∗∗ -0.1326 (0.0388)∗∗∗ -0.1326 (0.0388)∗∗∗ -0.1324 (0.0391)∗∗∗ -0.1324 (0.0391)∗∗∗
General liability
- γ1 0.0095 (0.1090) 0.0095 (0.1090) 0.0104 (0.1103) 0.0104 (0.1103) -0.0089 (0.0092) -0.0091 (0.0092) -0.0088 (0.0092) -0.0089 (0.0093)
- γ2 -0.0206 (0.0732) -0.0206 (0.0732) -0.0212 (0.0741) -0.0212 (0.0741)
- γ3 -0.0028 (0.0428) -0.0028 (0.0428) -0.0022 (0.0433) -0.0022 (0.0433)
Home contents
- γ1 0.4325 (0.0730)∗∗∗ 0.4325 (0.0730)∗∗∗ 0.4334 (0.0738)∗∗∗ 0.4334 (0.0738)∗∗∗ -0.0333 (0.0045)∗∗∗ -0.0333 (0.0045)∗∗∗ -0.0334 (0.0045)∗∗∗ -0.0334 (0.0045)∗∗∗
- γ2 -0.0920 (0.0804) -0.0920 (0.0804) -0.0924 (0.0812) -0.0924 (0.0812)
- γ3 -0.2118 (0.0578)∗∗∗ -0.2118 (0.0578)∗∗∗ -0.2127 (0.0585)∗∗∗ -0.2127 (0.0585)∗∗∗
Home
- γ1 -0.8405 (0.3343)∗∗ -0.8405 (0.3343)∗∗ -0.8440 (0.3402)∗∗ -0.8440 (0.3402)∗∗ -0.0880 (0.0100)∗∗∗ -0.0880 (0.0100)∗∗∗ -0.0881 (0.0101)∗∗∗ -0.0880 (0.0101)∗∗∗
- γ2 0.0787 (0.1495) 0.0787 (0.1495) 0.0798 (0.1517) 0.0798 (0.1517)
- γ3 -0.5600 (0.0649)∗∗∗ -0.5600 (0.0649)∗∗∗ -0.5608 (0.0658)∗∗∗ -0.5608 (0.0658)∗∗∗
Travel
- γ1 -0.5179 (0.1611)∗∗∗ -0.5179 (0.1611)∗∗∗ -0.5206 (0.1641)∗∗∗ -0.5206 (0.1641)∗∗∗ 0.0332 (0.0400) 0.0332 (0.0400) 0.0333 (0.0404) 0.0333 (0.0404)
- γ2 0.3940 (0.2384)∗ 0.3940 (0.2384)∗ 0.3883 (0.2415) 0.3883 (0.2415)
- γ3 0.0261 (0.0429) 0.0261 (0.0429) 0.0261 (0.0433) 0.0261 (0.0433)
Dispersion 1.0000 1.0000 0.3724 0.3724 1.0000 1.0000 0.3622 0.3622
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
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Table 29: Parameter estimates and
corresponding standard errors in parenthesis for travel insurance with dynamic multivariate risk classification.
Claim frequency
Risk factor GAM-PG-Multi GAM-PIG-Multi GAM-NBG-Multi GAM-NBIG-Multi GLM-PG-Multi GLM-PIG-Multi GLM-NBG-Multi GLM-NBIG-Multi
Constant -2.9270 (0.0507)∗∗∗ -2.9270 (0.0507)∗∗∗ -2.9251 (0.0512)∗∗∗ -2.9251 (0.0512)∗∗∗ -3.0744 (0.0487)∗∗∗ -3.0745 (0.0487)∗∗∗ -3.0710 (0.0493)∗∗∗ -3.0711 (0.0493)∗∗∗
Region
- Category 1 0.3156 (0.0294)∗∗∗ 0.3156 (0.0294)∗∗∗ 0.3159 (0.0297)∗∗∗ 0.3159 (0.0297)∗∗∗ 0.3128 (0.0294)∗∗∗ 0.3128 (0.0294)∗∗∗ 0.3130 (0.0297)∗∗∗ 0.3130 (0.0297)∗∗∗
- Category 2 0.6913 (0.0265)∗∗∗ 0.6913 (0.0265)∗∗∗ 0.6933 (0.0268)∗∗∗ 0.6933 (0.0268)∗∗∗ 0.6821 (0.0265)∗∗∗ 0.6821 (0.0265)∗∗∗ 0.6841 (0.0268)∗∗∗ 0.6842 (0.0268)∗∗∗
Age -0.0030 (0.0008)∗∗∗ -0.0030 (0.0008)∗∗∗ -0.0031 (0.0008)∗∗∗ -0.0031 (0.0008)∗∗∗ -0.0038 (0.0008)∗∗∗ -0.0038 (0.0008)∗∗∗ -0.0038 (0.0008)∗∗∗ -0.0038 (0.0008)∗∗∗
FamilySituation
- Category 1 -0.2656 (0.0270)∗∗∗ -0.2656 (0.0270)∗∗∗ -0.2660 (0.0274)∗∗∗ -0.2660 (0.0274)∗∗∗ -0.2492 (0.0270)∗∗∗ -0.2491 (0.0270)∗∗∗ -0.2494 (0.0273)∗∗∗ -0.2493 (0.0273)∗∗∗
- Category 2 0.2403 (0.2072) 0.2403 (0.2072) 0.2477 (0.2075) 0.2477 (0.2075) 0.4037 (0.2064) 0.4037 (0.2064) 0.4100 (0.2069)∗ 0.4100 (0.2069)∗
- Category 3 -0.6290 (0.0298)∗∗∗ -0.6290 (0.0298)∗∗∗ -0.6303 (0.0301)∗∗∗ -0.6303 (0.0301)∗∗∗ -0.6170 (0.0298)∗∗∗ -0.6169 (0.0298)∗∗∗ -0.6184 (0.0301)∗∗∗ -0.6184 (0.0301)∗∗∗
- Category 4 -0.2443 (0.0523)∗∗∗ -0.2443 (0.0523)∗∗∗ -0.2442 (0.0528)∗∗∗ -0.2442 (0.0528)∗∗∗ -0.2397 (0.0522)∗∗∗ -0.2397 (0.0522)∗∗∗ -0.2397 (0.0528)∗∗∗ -0.2397 (0.0528)∗∗∗
WinterCoverage 0.2381 (0.0280)∗∗∗ 0.2381 (0.0280)∗∗∗ 0.2388 (0.0284)∗∗∗ 0.2388 (0.0284)∗∗∗ 0.2271 (0.0280)∗∗∗ 0.2271 (0.0280)∗∗∗ 0.2279 (0.0284)∗∗∗ 0.2279 (0.0284)∗∗∗
MoneyCoverage 0.0936 (0.0242)∗∗∗ 0.0936 (0.0242)∗∗∗ 0.0940 (0.0245)∗∗∗ 0.0940 (0.0245)∗∗∗ 0.0824 (0.0242)∗∗∗ 0.0824 (0.0242)∗∗∗ 0.0830 (0.0245)∗∗∗ 0.0830 (0.0245)∗∗∗
VehicleCoverage 0.2229 (0.0305)∗∗∗ 0.2229 (0.0305)∗∗∗ 0.2238 (0.0309)∗∗∗ 0.2238 (0.0309)∗∗∗ 0.2208 (0.0305)∗∗∗ 0.2208 (0.0305)∗∗∗ 0.2221 (0.0309)∗∗∗ 0.2221 (0.0309)∗∗∗
MedicalCoverage 0.2867 (0.0781)∗∗∗ 0.2867 (0.0781)∗∗∗ 0.2885 (0.0791)∗∗∗ 0.2885 (0.0791)∗∗∗ 0.3638 (0.0776)∗∗∗ 0.3638 (0.0776)∗∗∗ 0.3648 (0.0786)∗∗∗ 0.3648 (0.0786)∗∗∗
AccidentCoverage 0.1054 (0.0236)∗∗∗ 0.1054 (0.0236)∗∗∗ 0.1061 (0.0239)∗∗∗ 0.1061 (0.0239)∗∗∗ 0.1133 (0.0236)∗∗∗ 0.1133 (0.0236)∗∗∗ 0.1139 (0.0239)∗∗∗ 0.1139 (0.0239)∗∗∗
CancelCoverage 0.1447 (0.0219)∗∗∗ 0.1447 (0.0219)∗∗∗ 0.1456 (0.0222)∗∗∗ 0.1456 (0.0222)∗∗∗ 0.1492 (0.0219)∗∗∗ 0.1492 (0.0219)∗∗∗ 0.1501 (0.0222)∗∗∗ 0.1501 (0.0222)∗∗∗
General liability
- γ1 -0.1340 (0.1803) -0.1340 (0.1803) -0.1329 (0.1828) -0.1329 (0.1828) -0.0181 (0.0127) -0.0184 (0.0128) -0.0181 (0.0129) -0.0183 (0.0130)
- γ2 0.0354 (0.1070) 0.0354 (0.1070) 0.0347 (0.1084) 0.0347 (0.1084)
- γ3 -0.1594 (0.0603)∗∗ -0.1594 (0.0603)∗∗ -0.1604 (0.0610)∗∗ -0.1604 (0.0610)∗∗
Home contents
- γ1 0.4280 (0.1129)∗∗∗ 0.4280 (0.1129)∗∗∗ 0.4302 (0.1145)∗∗∗ 0.4302 (0.1145)∗∗∗ -0.0309 (0.0083)∗∗∗ -0.0309 (0.0083)∗∗∗ -0.0310 (0.0084)∗∗∗ -0.0310 (0.0084)∗∗∗
- γ2 -0.3417 (0.1186)∗∗ -0.3417 (0.1186)∗∗ -0.3440 (0.1201)∗∗ -0.3440 (0.1201)∗∗
- γ3 -0.2850 (0.0988)∗∗ -0.2850 (0.0988)∗∗ -0.2871 (0.1004)∗∗ -0.2871 (0.1004)∗∗
Home
- γ1 0.1111 (0.4525) 0.1111 (0.4525) 0.1164 (0.4603) 0.1164 (0.4603) -0.0131 (0.0129) -0.0130 (0.0129) -0.0128 (0.0131) -0.0127 (0.0131)
- γ2 0.0644 (0.2372) 0.0644 (0.2372) 0.0656 (0.2410) 0.0656 (0.2410)
- γ3 -0.2413 (0.0930)∗∗ -0.2413 (0.0930)∗∗ -0.2412 (0.0941)∗∗ -0.2412 (0.0941)∗∗
Travel
- γ1 -0.0393 (0.0573) -0.0393 (0.0573) -0.0401 (0.0584) -0.0401 (0.0584) -0.3634 (0.0158)∗∗∗ -0.3634 (0.0158)∗∗∗ -0.3676 (0.0162)∗∗∗ -0.3676 (0.0162)∗∗∗
- γ2 -0.4350 (0.0770)∗∗∗ -0.4350 (0.0770)∗∗∗ -0.4392 (0.0778)∗∗∗ -0.4392 (0.0778)∗∗∗
- γ3 -0.5757 (0.0258)∗∗∗ -0.5757 (0.0258)∗∗∗ -0.5778 (0.0262)∗∗∗ -0.5778 (0.0262)∗∗∗
Dispersion 1.0000 1.0000 0.5624 0.5624 1.0000 1.0000 0.5726 0.5726
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
Table 30:
Likelihood Ratio test statistics and corresponding p-values for the hypothesis that the alternative frequency
model can better explain the in-sample data than the ‘null’ frequency model, based on the asymptotic chi-squared
distribution with 3(k − 1) = 9 and 3 degrees of freedom for the multi-product GAMs and GLMs, respectively.
General liability Home contents Home Travel
Alternative Null Test statistic P-value Test statistic P-value Test statistic P-value Test statistic P-value
GAM-PG-Multi GAM-PG-One 61.0494 0.0000 235.3628 0.0000 75.0429 0.0000 50.5954 0.0000
GAM-PIG-Multi GAM-PIG-One 61.0494 0.0000 235.3628 0.0000 75.0429 0.0000 50.5954 0.0000
GAM-NBG-Multi GAM-NBG-One 59.9699 0.0000 226.7986 0.0000 73.7300 0.0000 49.8466 0.0000
GAM-NBIG-Multi GAM-NBIG-One 59.9699 0.0000 226.7986 0.0000 73.7300 0.0000 49.8466 0.0000
GLM-PG-Multi GLM-PG-One 19.7587 0.0002 130.6256 0.0000 54.4014 0.0000 17.2087 0.0006
GLM-PIG-Multi GLM-PIG-One 20.0974 0.0002 130.7646 0.0000 54.4163 0.0000 17.2738 0.0006
GLM-NBG-Multi GLM-NBG-One 19.5574 0.0002 124.9000 0.0000 53.5388 0.0000 16.7507 0.0008
GLM-NBIG-Multi GLM-NBIG-One 19.7378 0.0002 125.0408 0.0000 53.5463 0.0000 16.7941 0.0008
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Table 31: Parameter estimates and corresponding standard errors in parenthesis for general
liability insurance with dynamic multivariate risk classification, extended to piecewise linear specifications.
Claim frequency
Risk factor GAM-PG-Multi-PL GAM-PIG-Multi-PL GAM-NBG-Multi-PL GAM-NBIG-Multi-PL
Constant -3.9981 (0.0606)∗∗∗ -3.9981 (0.0606)∗∗∗ -3.9984 (0.0611)∗∗∗ -3.9984 (0.0611)∗∗∗
FamilySituation
- Category 1 0.0397 (0.0541) 0.0397 (0.0541) 0.0398 (0.0544) 0.0398 (0.0544)
- Category 2 0.9714 (0.0525)∗∗∗ 0.9714 (0.0525)∗∗∗ 0.9720 (0.0529)∗∗∗ 0.9720 (0.0529)∗∗∗
- Category 3 0.9364 (0.0696)∗∗∗ 0.9364 (0.0696)∗∗∗ 0.9355 (0.0704)∗∗∗ 0.9355 (0.0704)∗∗∗
General liability
- γ1 -0.7053 (0.1264)∗∗∗ -0.7053 (0.1264)∗∗∗ -0.7068 (0.1294)∗∗∗ -0.7068 (0.1294)∗∗∗
- γ2 0.1143 (0.0861) 0.1143 (0.0861) 0.1141 (0.0870) 0.1141 (0.0870)
- γ3 -0.5034 (0.0544)∗∗∗ -0.5034 (0.0544)∗∗∗ -0.5041 (0.0550)∗∗∗ -0.5041 (0.0550)∗∗∗
Home contents
- γ1 0.2827 (0.0768)∗∗∗ 0.2827 (0.0768)∗∗∗ 0.2837 (0.0778)∗∗∗ 0.2837 (0.0778)∗∗∗
- γ2 0.2239 (0.1167)∗ 0.2239 (0.1167)∗ 0.2239 (0.1181)∗ 0.2239 (0.1181)∗
- γ3 -0.1114 (0.1166) -0.1114 (0.1166) -0.1095 (0.1178) -0.1095 (0.1178)
Home
- γ1 0.5416 (1.5353) 0.5416 (1.5353) 0.5592 (1.5593) 0.5592 (1.5593)
- γ2 0.0226 (0.0743) 0.0226 (0.0743) 0.0233 (0.0752) 0.0233 (0.0752)
- γ3 0.1499 (0.0577)∗∗ 0.1499 (0.0577)∗∗ 0.1501 (0.0583)∗∗ 0.1501 (0.0583)∗∗
Travel
- γ1 0.3289 (0.2192) 0.3289 (0.2192) 0.3236 (0.2231) 0.3236 (0.2231)
- γ2 -0.1767 (0.4169) -0.1767 (0.4169) -0.1738 (0.4208) -0.1738 (0.4208)
- γ3 0.0930 (0.0492)∗ 0.0930 (0.0492)∗ 0.0944 (0.0497)∗ 0.0944 (0.0497)∗
Dispersion 1.0000 1.0000 0.6841 0.6841
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
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Table 32: Parameter estimates and corresponding standard errors in parenthesis for home
contents insurance with dynamic multivariate risk classification, extended to piecewise linear specifications.
Claim frequency
Risk factor GAM-PG-Multi-PL GAM-PIG-Multi-PL GAM-NBG-Multi-PL GAM-NBIG-Multi-PL
Constant -2.3212 (0.0744)∗∗∗ -2.3212 (0.0744)∗∗∗ -2.3201 (0.0755)∗∗∗ -2.3201 (0.0755)∗∗∗
ProductType
- Category 1 -0.5839 (0.1503)∗∗∗ -0.5839 (0.1503)∗∗∗ -0.5852 (0.1518)∗∗∗ -0.5852 (0.1518)∗∗∗
- Category 2 -0.1063 (0.0471)∗ -0.1063 (0.0471)∗ -0.1063 (0.0478)∗ -0.1063 (0.0478)∗
Year
- Category 1 -0.0098 (0.0669) -0.0098 (0.0669) -0.0092 (0.0679) -0.0092 (0.0679)
- Category 2 0.2418 (0.0610)∗∗∗ 0.2418 (0.0610)∗∗∗ 0.2412 (0.0619)∗∗∗ 0.2412 (0.0619)∗∗∗
- Category 3 0.1407 (0.0601)∗ 0.1407 (0.0601)∗ 0.1408 (0.0610)∗ 0.1408 (0.0610)∗
- Category 4 -0.0121 (0.0603) -0.0121 (0.0603) -0.0131 (0.0612) -0.0131 (0.0612)
- Category 5 0.1656 (0.0425)∗∗∗ 0.1656 (0.0425)∗∗∗ 0.1637 (0.0431)∗∗∗ 0.1637 (0.0431)∗∗∗
Age -0.0164 (0.0007)∗∗∗ -0.0164 (0.0007)∗∗∗ -0.0165 (0.0007)∗∗∗ -0.0165 (0.0007)∗∗∗
BuildingType
- Category 1 -0.0495 (0.1460) -0.0495 (0.1460) -0.0498 (0.1480) -0.0498 (0.1480)
- Category 2 -0.1475 (0.0305)∗∗∗ -0.1475 (0.0305)∗∗∗ -0.1460 (0.0310)∗∗∗ -0.1460 (0.0310)∗∗∗
- Category 3 0.3407 (0.3091) 0.3407 (0.3091) 0.3481 (0.3138) 0.3481 (0.3138)
- Category 4 0.1454 (0.2909) 0.1454 (0.2909) 0.1474 (0.2964) 0.1474 (0.2964)
- Category 5 -8.9319 (67.9108) -8.9319 (67.9108) -36.4194 (160.4209)×105 -36.4194 (160.4209)×105
- Category 6 -8.1878 (54.9089) -8.1878 (54.9089) -36.0835 (118.6328)×105 -36.0835 (118.6328)×105
- Category 7 0.2820 (0.1438)∗ 0.2820 (0.1438)∗ 0.2819 (0.1462) 0.2819 (0.1462)
- Category 8 0.0954 (0.0366)∗∗ 0.0954 (0.0366)∗∗ 0.0957 (0.0373)∗ 0.0957 (0.0373)∗
- Category 9 0.1709 (0.0390)∗∗∗ 0.1709 (0.0390)∗∗∗ 0.1720 (0.0398)∗∗∗ 0.1720 (0.0398)∗∗∗
RoofType
- Category 1 0.0892 (0.5352) 0.0892 (0.5352) 0.0870 (0.5483) 0.0870 (0.5483)
- Category 2 -8.6287 (93.0612) -8.6287 (93.0612) -36.5241 (223.6962)×105 -36.5241 (223.6962)×105
- Category 3 0.1957 (0.0970)∗ 0.1957 (0.0970)∗ 0.1994 (0.0985)∗ 0.1994 (0.0985)∗
- Category 4 -0.2090 (0.7087) -0.2090 (0.7087) -0.2096 (0.7213) -0.2096 (0.7213)
FloorSpace 0.0839 (0.0896) 0.0839 (0.0896) 0.0855 (0.0911) 0.0855 (0.0911)
HomeOwner
- Category 1 -0.0075 (0.0459) -0.0075 (0.0459) -0.0060 (0.0465) -0.0060 (0.0465)
- Category 2 0.0727 (0.0353)∗ 0.0727 (0.0353)∗ 0.0737 (0.0358)∗ 0.0737 (0.0358)∗
- Category 3 -8.5945 (105.1186) -8.5945 (105.1186) -35.4750 (240.6313)×105 -35.4750 (240.6313)×105
Residence
- Category 1 0.0901 (0.1696) 0.0901 (0.1696) 0.0795 (0.1740) 0.0795 (0.1740)
- Category 2 -0.2338 (0.0680)∗∗∗ -0.2338 (0.0680)∗∗∗ -0.2356 (0.0690)∗∗∗ -0.2356 (0.0690)∗∗∗
- Category 3 0.0516 (0.0282) 0.0516 (0.0282) 0.0520 (0.0287) 0.0520 (0.0287)
- Category 4 -0.4481 (0.1618)∗∗ -0.4481 (0.1618)∗∗ -0.4488 (0.1635)∗∗ -0.4488 (0.1635)∗∗
Urban
- Category 1 0.0164 (0.0373) 0.0164 (0.0373) 0.0158 (0.0380) 0.0158 (0.0380)
- Category 2 0.0407 (0.0375) 0.0407 (0.0375) 0.0406 (0.0382) 0.0406 (0.0382)
- Category 3 0.0147 (0.0354) 0.0147 (0.0354) 0.0151 (0.0360) 0.0151 (0.0360)
- Category 4 -0.0224 (0.0431) -0.0224 (0.0431) -0.0220 (0.0439) -0.0220 (0.0439)
- Category 5 -0.0831 (0.0505) -0.0831 (0.0505) -0.0834 (0.0513) -0.0834 (0.0513)
- Category 6 -0.0676 (0.0540) -0.0676 (0.0540) -0.0673 (0.0549) -0.0673 (0.0549)
- Category 7 -0.0877 (0.2082) -0.0877 (0.2082) -0.0734 (0.2127) -0.0734 (0.2127)
GlassCoverage 0.5253 (0.0277)∗∗∗ 0.5253 (0.0277)∗∗∗ 0.5262 (0.0282)∗∗∗ 0.5262 (0.0282)∗∗∗
General liability
- γ1 -0.0625 (0.1301) -0.0625 (0.1301) -0.0658 (0.1330) -0.0658 (0.1330)
- γ2 0.2783 (0.0459)∗∗∗ 0.2783 (0.0459)∗∗∗ 0.2811 (0.0469)∗∗∗ 0.2811 (0.0469)∗∗∗
- γ3 -0.0898 (0.0265)∗∗∗ -0.0898 (0.0265)∗∗∗ -0.0893 (0.0269)∗∗∗ -0.0893 (0.0269)∗∗∗
Home contents
- γ1 0.4459 (0.0403)∗∗∗ 0.4459 (0.0403)∗∗∗ 0.4489 (0.0414)∗∗∗ 0.4489 (0.0414)∗∗∗
- γ2 0.3052 (0.0644)∗∗∗ 0.3052 (0.0644)∗∗∗ 0.3048 (0.0657)∗∗∗ 0.3048 (0.0657)∗∗∗
- γ3 -0.5358 (0.0665)∗∗∗ -0.5358 (0.0665)∗∗∗ -0.5399 (0.0676)∗∗∗ -0.5399 (0.0676)∗∗∗
Home
- γ1 -0.2030 (0.9726) -0.2030 (0.9726) -0.1688 (0.9940) -0.1688 (0.9940)
- γ2 0.0176 (0.0465) 0.0176 (0.0465) 0.0206 (0.0475) 0.0206 (0.0475)
- γ3 -0.3557 (0.0385)∗∗∗ -0.3557 (0.0385)∗∗∗ -0.3544 (0.0391)∗∗∗ -0.3544 (0.0391)∗∗∗
Travel
- γ1 0.3535 (0.1393)∗∗ 0.3535 (0.1393)∗∗ 0.3559 (0.1431)∗∗ 0.3559 (0.1431)∗∗
- γ2 0.0877 (0.2654) 0.0877 (0.2654) 0.0955 (0.2694) 0.0955 (0.2694)
- γ3 0.0560 (0.0314)∗ 0.0560 (0.0314)∗ 0.0558 (0.0321)∗ 0.0558 (0.0321)∗
Dispersion 1.0000 1.0000 0.6364 0.6364
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
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Table 33: Parameter estimates and corresponding standard errors in parenthesis
for home insurance with dynamic multivariate risk classification, extended to piecewise linear specifications.
Claim frequency
Risk factor GAM-PG-Multi-PL GAM-PIG-Multi-PL GAM-NBG-Multi-PL GAM-NBIG-Multi-PL
Constant -1.9655 (0.1217)∗∗∗ -1.9655 (0.1217)∗∗∗ -1.9662 (0.1228)∗∗∗ -1.9662 (0.1228)∗∗∗
ProductType
- Category 1 -0.4564 (0.2019)∗ -0.4564 (0.2019)∗ -0.4533 (0.2033)∗ -0.4533 (0.2033)∗
- Category 2 -0.3307 (0.0682)∗∗∗ -0.3307 (0.0682)∗∗∗ -0.3297 (0.0687)∗∗∗ -0.3297 (0.0687)∗∗∗
Year
- Category 1 -0.3624 (0.0991)∗∗∗ -0.3624 (0.0991)∗∗∗ -0.3615 (0.0999)∗∗∗ -0.3615 (0.0999)∗∗∗
- Category 2 -0.1316 (0.0907) -0.1316 (0.0907) -0.1311 (0.0915) -0.1311 (0.0915)
- Category 3 -0.2730 (0.0893)∗∗ -0.2730 (0.0893)∗∗ -0.2723 (0.0900)∗∗ -0.2723 (0.0900)∗∗
- Category 4 -0.1332 (0.0871) -0.1332 (0.0871) -0.1323 (0.0878) -0.1323 (0.0878)
- Category 5 -0.0752 (0.0659) -0.0752 (0.0659) -0.0746 (0.0664) -0.0746 (0.0664)
Age -0.0096 (0.0012)∗∗∗ -0.0096 (0.0012)∗∗∗ -0.0096 (0.0013)∗∗∗ -0.0096 (0.0013)∗∗∗
FamilySituation
- Category 1 -0.2738 (0.1814) -0.2738 (0.1814) -0.2742 (0.1827) -0.2742 (0.1827)
- Category 2 -0.3294 (0.1918) -0.3294 (0.1918) -0.3314 (0.1933) -0.3314 (0.1933)
- Category 3 -0.3198 (0.2404) -0.3198 (0.2404) -0.3228 (0.2423) -0.3228 (0.2423)
- Category 4 -0.8166 (0.4621) -0.8166 (0.4621) -0.8177 (0.4641) -0.8177 (0.4641)
BuildingType
- Category 1 0.9397 (1.0023) 0.9397 (1.0023) 0.9550 (1.0209) 0.9550 (1.0209)
- Category 2 -0.7050 (0.3799) -0.7050 (0.3799) -0.7083 (0.3828) -0.7083 (0.3828)
- Category 3 0.4965 (0.7087) 0.4965 (0.7087) 0.4955 (0.7179) 0.4955 (0.7179)
- Category 4 0.5621 (0.3852) 0.5621 (0.3852) 0.5712 (0.3896) 0.5712 (0.3896)
- Category 5 1.9198 (1.0148) 1.9198 (1.0148) 1.9099 (1.0535) 1.9099 (1.0535)
- Category 6 1.3441 (0.7212) 1.3441 (0.7212) 1.3410 (0.7336) 1.3410 (0.7336)
- Category 7 0.4326 (0.1956)∗ 0.4326 (0.1956)∗ 0.4339 (0.1972)∗ 0.4339 (0.1972)∗
- Category 8 0.0668 (0.0440) 0.0668 (0.0440) 0.0675 (0.0445) 0.0675 (0.0445)
- Category 9 0.1736 (0.0477)∗∗∗ 0.1736 (0.0477)∗∗∗ 0.1746 (0.0482)∗∗∗ 0.1746 (0.0482)∗∗∗
RoofType
- Category 1 -0.0703 (0.1670) -0.0703 (0.1670) -0.0726 (0.1685) -0.0726 (0.1685)
- Category 2 -8.2901 (45.2551) -8.2901 (45.2551) -36.1754 (179.3560)×105 -36.1754 (179.3560)×105
Capacity 0.1033 (0.0802) 0.1033 (0.0802) 0.1046 (0.0811) 0.1046 (0.0811)
ConstructionYear
- Category 1 0.0196 (0.1228) 0.0196 (0.1228) 0.0199 (0.1241) 0.0199 (0.1241)
- Category 2 -0.3287 (0.0852)∗∗∗ -0.3287 (0.0852)∗∗∗ -0.3291 (0.0860)∗∗∗ -0.3291 (0.0860)∗∗∗
- Category 3 0.1112 (0.0556)∗ 0.1112 (0.0556)∗ 0.1111 (0.0562)∗ 0.1111 (0.0562)∗
- Category 4 0.1802 (0.1000) 0.1802 (0.1000) 0.1795 (0.1013) 0.1795 (0.1013)
- Category 5 -0.0254 (0.0497) -0.0254 (0.0497) -0.0253 (0.0502) -0.0253 (0.0502)
Residence
- Category 1 0.1309 (0.2173) 0.1309 (0.2173) 0.1311 (0.2199) 0.1311 (0.2199)
- Category 2 -0.2302 (0.0954)∗ -0.2302 (0.0954)∗ -0.2316 (0.0962)∗ -0.2316 (0.0962)∗
- Category 3 -0.0685 (0.0392) -0.0685 (0.0392) -0.0688 (0.0396) -0.0688 (0.0396)
- Category 4 0.0544 (0.1722) 0.0544 (0.1722) 0.0544 (0.1739) 0.0544 (0.1739)
Urban
- Category 1 0.0520 (0.0604) 0.0520 (0.0604) 0.0522 (0.0611) 0.0522 (0.0611)
- Category 2 0.0132 (0.0513) 0.0132 (0.0513) 0.0129 (0.0519) 0.0129 (0.0519)
- Category 3 0.0232 (0.0516) 0.0232 (0.0516) 0.0230 (0.0522) 0.0230 (0.0522)
- Category 4 0.0213 (0.0531) 0.0213 (0.0531) 0.0209 (0.0537) 0.0209 (0.0537)
- Category 5 -0.1046 (0.0627) -0.1046 (0.0627) -0.1045 (0.0633) -0.1045 (0.0633)
- Category 6 -0.1482 (0.0692)∗ -0.1482 (0.0692)∗ -0.1492 (0.0698)∗ -0.1492 (0.0698)∗
- Category 7 -0.4895 (0.4643) -0.4895 (0.4643) -0.4925 (0.4684) -0.4925 (0.4684)
GlassCoverage -0.1219 (0.0390)∗∗ -0.1219 (0.0390)∗∗ -0.1217 (0.0394)∗∗ -0.1217 (0.0394)∗∗
General liability
- γ1 -0.0657 (0.1895) -0.0657 (0.1895) -0.0636 (0.1921) -0.0636 (0.1921)
- γ2 -0.0091 (0.0719) -0.0091 (0.0719) -0.0096 (0.0728) -0.0096 (0.0728)
- γ3 0.0083 (0.0414) 0.0083 (0.0414) 0.0089 (0.0418) 0.0089 (0.0418)
Home contents
- γ1 0.3104 (0.0626)∗∗∗ 0.3104 (0.0626)∗∗∗ 0.3115 (0.0633)∗∗∗ 0.3115 (0.0633)∗∗∗
- γ2 0.3935 (0.0962)∗∗∗ 0.3935 (0.0962)∗∗∗ 0.3934 (0.0972)∗∗∗ 0.3934 (0.0972)∗∗∗
- γ3 0.0605 (0.1161) 0.0605 (0.1161) 0.0598 (0.1170) 0.0598 (0.1170)
Home
- γ1 0.6993 (0.7858) 0.6993 (0.7858) 0.7062 (0.8048) 0.7062 (0.8048)
- γ2 -0.2151 (0.0687)∗∗∗ -0.2151 (0.0687)∗∗∗ -0.2150 (0.0696)∗∗ -0.2150 (0.0696)∗∗
- γ3 -0.5083 (0.0587)∗∗∗ -0.5083 (0.0587)∗∗∗ -0.5085 (0.0593)∗∗∗ -0.5085 (0.0593)∗∗∗
Travel
- γ1 0.5723 (0.1596)∗∗∗ 0.5723 (0.1596)∗∗∗ 0.5726 (0.1627)∗∗∗ 0.5726 (0.1627)∗∗∗
- γ2 -0.2038 (0.3807) -0.2038 (0.3807) -0.2079 (0.3840) -0.2079 (0.3840)
- γ3 0.0696 (0.0423)∗ 0.0696 (0.0423)∗ 0.0698 (0.0427) 0.0698 (0.0427)
Dispersion 1.0000 1.0000 0.3753 0.3753
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
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Table 34: Parameter estimates and corresponding standard errors in parenthesis
for travel insurance with dynamic multivariate risk classification, extended to piecewise linear specifications.
Claim frequency
Risk factor GAM-PG-Multi-PL GAM-PIG-Multi-PL GAM-NBG-Multi-PL GAM-NBIG-Multi-PL
Constant -2.9239 (0.0505)∗∗∗ -2.9239 (0.0505)∗∗∗ -2.9221 (0.0510)∗∗∗ -2.9221 (0.0510)∗∗∗
Region
- Category 1 0.3157 (0.0294)∗∗∗ 0.3157 (0.0294)∗∗∗ 0.3159 (0.0297)∗∗∗ 0.3159 (0.0297)∗∗∗
- Category 2 0.6911 (0.0265)∗∗∗ 0.6911 (0.0265)∗∗∗ 0.6931 (0.0268)∗∗∗ 0.6931 (0.0268)∗∗∗
Age -0.0031 (0.0008)∗∗∗ -0.0031 (0.0008)∗∗∗ -0.0031 (0.0008)∗∗∗ -0.0031 (0.0008)∗∗∗
FamilySituation
- Category 1 -0.2650 (0.0270)∗∗∗ -0.2650 (0.0270)∗∗∗ -0.2653 (0.0274)∗∗∗ -0.2653 (0.0274)∗∗∗
- Category 2 0.2425 (0.2071) 0.2425 (0.2071) 0.2500 (0.2074) 0.2500 (0.2074)
- Category 3 -0.6280 (0.0298)∗∗∗ -0.6280 (0.0298)∗∗∗ -0.6293 (0.0301)∗∗∗ -0.6293 (0.0301)∗∗∗
- Category 4 -0.2432 (0.0523)∗∗∗ -0.2432 (0.0523)∗∗∗ -0.2432 (0.0528)∗∗∗ -0.2432 (0.0528)∗∗∗
WinterCoverage 0.2371 (0.0280)∗∗∗ 0.2371 (0.0280)∗∗∗ 0.2378 (0.0284)∗∗∗ 0.2378 (0.0284)∗∗∗
MoneyCoverage 0.0931 (0.0242)∗∗∗ 0.0931 (0.0242)∗∗∗ 0.0934 (0.0245)∗∗∗ 0.0934 (0.0245)∗∗∗
VehicleCoverage 0.2229 (0.0305)∗∗∗ 0.2229 (0.0305)∗∗∗ 0.2238 (0.0309)∗∗∗ 0.2238 (0.0309)∗∗∗
MedicalCoverage 0.2881 (0.0781)∗∗∗ 0.2881 (0.0781)∗∗∗ 0.2899 (0.0791)∗∗∗ 0.2899 (0.0791)∗∗∗
AccidentCoverage 0.1058 (0.0236)∗∗∗ 0.1058 (0.0236)∗∗∗ 0.1065 (0.0239)∗∗∗ 0.1065 (0.0239)∗∗∗
CancelCoverage 0.1444 (0.0219)∗∗∗ 0.1444 (0.0219)∗∗∗ 0.1454 (0.0222)∗∗∗ 0.1454 (0.0222)∗∗∗
General liability
- γ1 -0.1586 (0.2816) -0.1586 (0.2816) -0.1568 (0.2860) -0.1568 (0.2860)
- γ2 0.0176 (0.1050) 0.0176 (0.1050) 0.0174 (0.1064) 0.0174 (0.1064)
- γ3 -0.1323 (0.0576)∗ -0.1323 (0.0576)∗ -0.1332 (0.0583)∗ -0.1332 (0.0583)∗
Home contents
- γ1 0.4622 (0.1072)∗∗∗ 0.4622 (0.1072)∗∗∗ 0.4656 (0.1089)∗∗∗ 0.4656 (0.1089)∗∗∗
- γ2 0.1525 (0.1748) 0.1525 (0.1748) 0.1522 (0.1770) 0.1522 (0.1770)
- γ3 0.2399 (0.1717) 0.2399 (0.1717) 0.2414 (0.1736) 0.2414 (0.1736)
Home
- γ1 0.3962 (0.9968) 0.3962 (0.9968) 0.4270 (1.0306) 0.4270 (1.0306)
- γ2 0.1484 (0.0939) 0.1484 (0.0939) 0.1521 (0.0951) 0.1521 (0.0951)
- γ3 -0.2021 (0.0835)∗∗ -0.2021 (0.0835)∗∗ -0.2020 (0.0844)∗∗ -0.2020 (0.0844)∗∗
Travel
- γ1 -0.0247 (0.0590) -0.0247 (0.0590) -0.0247 (0.0602) -0.0247 (0.0602)
- γ2 -0.5815 (0.1105)∗∗∗ -0.5815 (0.1105)∗∗∗ -0.5847 (0.1116)∗∗∗ -0.5847 (0.1116)∗∗∗
- γ3 -0.5767 (0.0261)∗∗∗ -0.5767 (0.0261)∗∗∗ -0.5789 (0.0264)∗∗∗ -0.5789 (0.0264)∗∗∗
Dispersion 1.0000 1.0000 0.5617 0.5617
Significance levels: ∗5%-level, ∗∗1%-level, ∗∗∗0.1%-level or less
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